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ABSTRACT OF THE DISSERTATION
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Dissertation Director:

Ricardo Bianchini

To date, energy consumption has only been a concern for mobile and embedded

devices due to battery lifetime and heat dissipation concerns. In this thesis we

make the case for energy conservation for server systems. We describe in details

the current mechanisms for power management and the state-of-the-art policies

for energy conservation for the main components of servers. We propose three

novel energy conservation techniques for servers, namely Load Concentration, for

entire servers; Popular Data Concentration, for disk arrays; and Diverted Accesses

for distributed file servers. Our experiments, physical measurements, simulations,

and models show that our techniques can greatly enhance the opportunities for

power management and consequently accrue significant energy savings.
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being there for me, always, inconditionally. To my grandfather Geraldo, also for

being there for me. To my cousin Mariana for also being there for me and helping

iii



out with long chats when I needed.

To the people in the Panic Lab, who helped with comments, suggestions and

hugs. In special, thanks to Matias Cuenca, Chris Peery, Xiaoyan Li and Kiran

Nagaraja.

To professors at Rutgers who were directly or indirectly involved with my

research: Uli Kremer, Rich Martin and Thu Nguyen.

To the people and friends in the Dark Lab who were the ones closest to me

and helped me the most. This thesis is a reflection of your comments, ideas and

your very own sweat and blood too. Special thanks to my friends Fabio Oliveira,

Taliver Heath, Vinicio Erazo, Gustavo Gama, Diego Nogueira, Ana Paula Centeno

and Bruno Diniz.

To my friends Tiberius and Mara Bonates for being there and saying “Móóóóóó”
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Chapter 1

Introduction

Power and energy consumption have always been critical concerns for laptop

and hand-held devices, as these devices generally run on batteries and are not

connected to the electrical power grid. Over the years, a large amount of research

has been devoted to low-power and low-energy design and conservation (e.g. [32,

40, 48, 71, 104]).

In this thesis we tackle the energy consumption problem in server systems.

Servers are network providers of services. They are typically housed in machines

connected to the electrical power grid and thus the relevance of power and energy

consumption for them is different. Servers typically are the backbone of many

Internet services, data centers, and research facilities. For scalability, servers are

usually used in clusters, in quantities ranging from hundreds to thousands. In

these quantities, servers can collectively draw power comparable to that consumed

by six oil refineries [27], the equivalent of the consumption of a small town (about

445 megawatts). This amount of power consumption can easily escalate when

multiple data centers are geographically close, which is often the case (e.g. Silicon

Valley, Research Triangle Park). Back in 2001, some planned data warehouse

expansions in California were cancelled due to the limitation of power generation

in the area [26].

Power generation and distribution can be even more limiting when we take
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into account the extra power needed for the cooling equipments. Estimates from

Sun Microsystems show that a typical 1.2 Ghz server with 2GB of memory and

other standard server components consume 750W of power and dissipates 2560

BTU/h of heat [77]. An efficient air conditioner to cool ten of these machines

would consume 862.5 W [37], which is more than 10% of the power budget to

operate the ten machines and is consistent with the lower range of consumption

in studies of water-cooled data center [78].

Perhaps more importantly, the energy cost of operating these clusters of

servers can be a significant fraction of the total revenue the servers provide. Con-

sider the example of a web hosting center. In this type of business, revenue comes

from renting out disk space, networking, processing power, cooling and power

supply to the end clients. A few different plans are usually available. They range

from small startup packages that include a single shared host with limited network

capacity and disk space (typically 50 MB/month and 5 MB total, respectively) to

dedicated servers with capacity limited by hardware to co-location options, which

include multiple servers.

The small startup packages vary widely in options and prices and also the

number of other clients sharing a server is unknown. But for dedicated servers

and co-located servers, the prices are more consistent. Looking at an example of

co-located servers, we can estimate how much of the revenue is spent on energy

for the servers alone.

As of this writing (March 2005), the typical price for a dedicated mid-size to

large-size server is between $325 and 350 [80, 99]. Included in the price is network-

ing (50GB/month), power and 2 hours of technical support (1 hour emergency)

for 4U to 7U servers (a “U” is a unit of height a server takes up on a rack, 1 U
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being 1.75 inches).

A typical 3 U blade server with 18 blade computers (18 Pentium III CPU,

a 4200 rpm laptop disk and 512 MB DRAM per blade) consumes altogether

1200 W. The monthly cost of operating this server, just accounting for the server

itself, without networking, cooling or backup power generation, can be estimated

(considering the current price per kWh of energy to be $0.10) at 1200 ∗ 30 ∗ 24 ∗

0.10/1000 = $86.40. That is 24-26% of the price charged by the hosting center to

operate this server. This range is consistent with ranges found by others [16, 79].

If we include air conditioning costs this percentage will go up even further.

For example, assume an efficient 18000 BTU air conditioner, rated at 18 SEER

(Seasonal Energy Efficiency Rating)1. Such an air conditioner can cool 18000

BTU per hour with 1 kWh of energy. Our 1200 W server produces 1200 ∗ 24 ∗

365/1000 = 10512 kWh of energy in form of temperature. The cooling will then

be required to consume approximately 10512 ∗ 3414/18000 = 1994 kWh which is

approximately 19% of the total energy budget to operate the server. This figure

does not account for energy needed to circulate the cool air (fans).

Between cooling and operating costs, a web hosting center might be spending

$174.00 of their $325-350.00 revenue on energy. That represents a staggering

50-54%.

Besides monetary costs, energy conservation is important due to the way

power is generated. In many countries, the prevalent method for power generation

is coal-fired or nuclear fission. Both of those are harmful to the environment

either directly (smoke pollution) or indirectly (nuclear waste). According to a

1National appliance standards require room air conditioners built after January 1, 1990, to
have an SEER of 8.0 or greater [95] and the most efficient ones are rated at about 18 SEER
[107].
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scientific article published by researchers at School of Public Health (SPH), two

coal-fired power plants were linked to “more than 43,000 asthma attacks and

nearly 300,000 incidents of upper respiratory symptoms per year in the region”.

Also, the study “estimated that 159 premature deaths per year could be attributed

to this pollution” [5]. The web is riddled with other similar reports on power plant

pollution.

To alleviate these problems, some previously-proposed techniques for embed-

ded and mobile devices could be used for servers, albeit with limited success.

These previously-proposed techniques leverage long idle times to accrue energy

savings. In servers, the resource usage patterns are markedly different than those

of embedded and mobile devices. Typically, idle times are short or non-existent

in servers, making the usefulness of previously-proposed techniques that exploit

idle times very limited. It is therefore imperative that idle times be created or

extended in servers in order for these techniques to be successful. Our work aims

at doing exactly this.

1.1 Overview

In this thesis, we propose policies for resource management in servers, targeted

at conserving energy without degrading performance beyond a pre-established

acceptable level. Managing resources efficiently according to the imposed load

on them is necessary for an efficient use of energy and thus necessary for energy

conservation.

We first describe the current mechanisms available for energy conservation,

regardless of whether they are targeted at servers or mobile devices. Then we
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describe the related work, including some non-energy works that are related to

our contributions (outlined in the next section). Then we propose three main

techniques for resource management and their contributions. We finish with a

conclusion and the future directions of our work.

1.2 Contributions

This thesis aims at reducing the energy consumption in server systems, without

significant degrading performance. To that end, we focus on scheduling the offered

load to increase idle time. By reducing the need for power-consuming resources

when load is low, these resources can be turned off or switched to low-power

modes and thus save energy.

To substantiate our contribution, we propose three techniques, namely 1) Load

Concentration; 2) Popular Data Concentration; and 3) Diverted Accesses.

Load Concentration. Load Concentration targets entire servers in a cluster

for maximum savings. It detects when global utilization of the cluster is below

maximum capacity and reduces the number of servers online (powered up) by

shifting load to a smaller subset of servers and powering the others off. Load, in

this case, is resource-consuming applications that might consume all or a combi-

nation of disk bandwidth, CPU time, and memory. We find that applying Load

Concentration to an eight-node, cycle-server cluster under a mixed workload can

save between 32 and 40% of energy compared to an always-on, energy-oblivious

cluster.

Popular Data Concentration. This technique targets an important com-

ponent of server systems, the storage subsystem. More specifically, it targets disk
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array-based file servers. The idea is to increase idle times on some disks at the

expense of increasing utilization on others, similar in spirit to Load Concentra-

tion. Files are periodically ranked in popularity (based on frequency and recency

of access) and the more popular ones are migrated to a subset of disks while the

unpopular ones are migrated to another subset. These migrations increase or

produce large idle times on the unpopular disks, allowing the system to conserve

energy by transitioning them to low-power mode. Our experimental results show

that Popular Data Concentration has limited use under low intensity workloads.

However, simulation results using two-speed disks show that Popular Data Con-

centration can save between 27 and 43% energy with no more than 8% of the

requests being delayed. Two-speed disks were used due to their reduced energy

overhead in transitioning between the two speeds. The gains with PDC were

achieved compared with two-speed disks without PDC.

Diverted Accesses. The previous technique, as well as all other independently-

proposed techniques for storage systems, did not consider the wide use of redun-

dancy in modern storage systems. Diverted Accesses fills this gap by taking

advantage of redundant information to improve performance, improve data avail-

ability, and conserve energy. It does so by segregating redundant information from

original information onto separate disks (or separate storage nodes altogether)

and diverting accesses to the original set, while the redundant set remains idle

and thus in low-power mode. Our mathematical models and detailed simulations

show that Diverted Accesses can save from 20-60% of energy of a peer-to-peer

storage system under realistic traces.

In summary, the contributions of this thesis are:

• A new focus onto energy conservation for servers;
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• Three energy management techniques for dynamically regulating resources

to imposed load in clustered server systems;

• Thorough evaluation of techniques over a wide range of parameters using

mathematical models, implementations, and detailed simulations.

The rest of this thesis is divided as follows. In chapter 2 we discuss the impor-

tant background necessary to contextualize our work. In chapter 3 we thoroughly

analyze previously-proposed techniques and methods for energy conservation in

server systems, as well as in individual components. In chapter 4 we detail our

contribution on entire servers via the Load Concentration technique. In section 5

we study disk-array-based servers and the Popular Data Concentration technique.

In chapter 6 we broadly study energy conservation techniques for redundant stor-

age servers and propose the Diverted Access technique. Finally, in chapter 7 we

draw conclusions and provide directions for future work.
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Chapter 2

Background

In this chapter we present the required background to understand energy and

power conservation in computer systems. In particular, we look at mechanisms

for power management for CPU, disks, memory, and networking hardware. These

mechanisms are the foundation for power reduction and therefore for energy con-

servation as well.

2.1 Mechanisms For Power Management

There are a few ways of managing power in computer systems, but almost all of

them involve either powering off resources when they are idle to avoid wasting

power in idle cycles or slowing down resources to adjust to imposed load and de-

liver just enough performance to accomplish the required work without exceeding

performance requirements.

Other ways to conserve power are by not doing the work – by sending com-

putation somewhere else and thus spending a remote power budget – or by doing

less work with potentially less quality, such as in transcoding or eliminating work

(e.g. skipping frames when playing a movie).

In other words, techniques either exploit idle times or hide power consumption

with lower power but higher latency operations.
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Power management, regardless of the nature of the resource (memory, CPU,

etc), has to be applied in such a way that it does not hurt performance signifi-

cantly, since energy (our final goal) is directly proportional to time. Moreover, any

power management policy must take into account the overheads incurred when

transitioning to and from low-power modes. There are two forms of transition

overheads: time and energy. These overheads vary depending on the nature of

resources, models, manufacturers, etc. Disks, for example, can take seconds and

several dozen joules to transition between power modes, whereas memories take

a few nanoseconds and only millijoules to transition between states. But for all

resources, when transitions are done too often, performance is hurt and energy

overhead becomes a significant part of the total energy consumption.

Besides transition costs, some resources have low-power modes that also de-

liver lower performance. If the lower performance does not match the imposed

workload’s performance requirements, total execution time stretches and thus can

hurt energy conservation. Balancing all these factors is a challenge.

Next, we examine a few examples of techniques in the context of four impor-

tant resources, CPU, disk drives, networking, and memory.

2.1.1 CPU

CPUs consume a significant portion of the power budget of a computer system

(laptop, desktop, or server). Typical power consumption varies with technology,

clock speed, and whether or not it is intended for mobile or embedded devices,

desktops, servers, or SMP servers. Typical values are listed on table 2.1.

From the table, we see that modern processors consume as little as 5 W or as

much as 120 W. To minimize power consumption it does not suffice to pick the
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Name/Model Clock (Ghz) System Power (W)
Typical Maximum

AMD MP-2800+ 2.13 Desktop 47.2 60
AMD Athlon XP-3200+ 2.2 Desktop 60.4 76.8
AMD Duron-Applebred 1.8 Desktop 53 57
AMD Athlon XP-2200+ 1.8 Mobile 35
AMD Opteron-252 2.6 Server 92.6
AMD Athlon 64-4000+ 2.4 Server 89
AMD mAthlon 64-3400+ 2.2 Mobile 81.5
AMD mSempron 2800+ LA 1.6 Mobile 25
Intel PIII-S-1.4 1.4 Desktop 31.2
Intel mPIII Speedstep 0.85 Mobile 22.5
Intel mPIII-M Speedstep 1.33 Mobile 22
Intel P4-660 3.06 Desktop 115
Intel mP4-552 3.46 Mobile 88
Intel mCel 2.5 Mobile 35
Intel Xeon 3.6 Server 110 120
Transmeta TM5800 0.733 Mobile 0.419-1.049 5.5
Transmeta TM5800 0.8 Mobile 0.419-1.049 6

Table 2.1: CPU power consumption. “System” is the intended target system
for the CPU. Power consumption (when available) is shown as stated by the
manufacturer. Source: Chris Hare, http://users.erols.com/chare/main.htm.

CPU with lower power-to-clock ratio since not all CPUs shown have the same

IPC (instructions per cycle). Also, it does not suffice either to pick the CPU

with highest IPC-to-power ratio if that CPU is not a low-power one, because

when idle, the CPU would still consume a lot of power for no useful purpose

(the IPC when idle is zero). Powering down the CPU when it is idle is feasible

in batching systems but requires interrupts to wake up the CPU. The other –

more popular – way to manage power in CPUs is to do work more efficiently,

i.e. consume less power when the demand permits it. That is the idea behind

Dynamic Voltage Scaling [104]. Since power consumption is proportional to the

square of the voltage (P ∝ CV 2f – where C is a capacitance constant, f is clock

frequency, P is power and V is voltage), a linear reduction in voltage reduces

power quadratically and only slows down a CPU linearly (because f ∝ V ).
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So, power can be reduced if there is no need for a CPU to compute as fast

as possible. For example, an MP3 player application only needs to decode audio

streams every tenth of a second, approximately. That means a 32-bit CPU oper-

ating at 100 MHz could handle the job. By lowering the voltage and matching the

clock frequency to meet the stream’s requirements, power consumption is reduced

as a side effect.

An example of a DVS-capable CPU is the AMD Athlon Mobile 4, used in

[57]. Its voltage ranges in increments of 0.05 volts from 1.15 to 1.45 volts. Each

increment in voltage corresponds to an increment of 100 Mhz, starting from 600

Mhz at 1.15 volts to 1200 Mhz at 1.45 volts. The time to transition is estimated

to be under 100 µs. Another example of DVS-capable CPU is the Transmeta

TM5900-1000 processor [28]. Its clock frequency varies from 433 Mhz at 0.8 volts

to 1000 Mhz at 1.25 volts. The time it takes to come back from its deepest sleep

mode to active mode is rated at less than 25 µs.

Another way of doing work more efficiently is perhaps by not doing any of

the work itself, but have it done remotely, at the expense of handing it out and

supervising its execution. In computing terms, this idea translates into remote

execution and can be applied to mobile devices with limited resources. Similarly,

transcoding is another way of limiting resource consumption to generate a lower

quality of service at a reduced energy. For example, a successful transcoding

technique would be if serving a black and white video (as opposed to full color)

were to reduce the number of bytes transmitted by the network card.
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2.1.2 Disks

To understand disk drive power consumption, it is helpful to understand how

they are built. Disks have one or more platters whose surface is used to store

data. On each surface, a disk head moves longitudinally. When powered up, the

platters spin at a constant velocity, typically between 4 to 15 thousand RPMs.

Except on laptop drives, all drives’ platters and head are powered by a 12-volt

line while logic (for caches, I/O, scheduling) is powered by a 5-volt line. A sizeable

portion of the power is consumed by the motor used to rotate the platters and

the arm used to move the head to the desired position (seek). Our measurements,

for example, show that on a 7200 rpm IDE drive, the motor and head movement

consume 65% of the power when the disk is idle. On a 10,000 rpm SCSI disk,

this fraction is 45% percent (see Table 2.2) 1. So ideally, disks can take advantage

of idle times to spin down the spinning platters and thus save a sizeable portion

of the power consumption. Furthermore, most of the logic does not need to be

powered on either, so most disks can accrue significant power savings when in

spun down mode.

However, time and energy to transition to spun down mode and back to idle

mode varies from about a second for the IDE drive to a dozen of seconds for

the SCSI drive and in both cases more than 40 joules of energy are spent. These

transition costs can be a significant fraction of total energy expenditure depending

on the workload requirements and idle times available. Transition costs alone can

ruin any energy savings accrued by the low-power mode if done excessively.

1Even though the total power consumption of the SCSI disk drive is higher, the rotating
platters consume a smaller fraction of total power than in the IDE disk. We believe this happens
because there is more cache memory and more logic needed in the SCSI disk and therefore the
5 V line consumes a higher fraction of the power than in the IDE disk.
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Measurement IDE SCSI

12 V spinup 37.68 J 47.31 J
12 V spindown 3.78 J 2.97 J

12 V idle 2.90 W 2.33 W
12 V read 3.95 W 4.38 W
12 V write 4.15 W N/A
12 V spundown 0.16 W 0.40 W

5V spinup 1.42 J 18.59 J
5V spindown 0.60 J 25.28 J

5V idle 1.50 W 2.93 W
5V read 3.40 W 3.77 W
5V write 2.40 W N/A
5V spundown 0.80 W 1.46 W

spindown time 0.6324 s 11.24 s
spinup time 0.6286 s 6.12 s

Table 2.2: Measured power profile of typical IDE and SCSI disks. The IDE disk
is an IBM Deskstar 7200 rpm 40Gb drive. SCSI is a 10,000 rpm Seagate Cheetah
9.1Gb drive. Writes on the SCSI drive were not measured directly but a mix of
random reads and writes consumes 7.09 W on average.

Some disk models have multiple power states, especially laptop disks [60].

These extra power states accrue increasingly higher power savings by turning off

parts of the disks logic. However, the platters stop rotating only in the last power

state, thus limiting the savings of the different modes to small fractions of the

total power consumption.

On the other hand, disks – like CPUs – can also be made to work more

“efficiently” when load is low. By rotating the platters more slowly disks can

consume less power, but also transfer data at slower rates. This type of disks

are called multi-speed disks [21, 45]. They can be used to take advantage of

their multiple rotating speeds with different latencies, transfer rates, and power

consumption.
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RAMBUS MobileRAM
State Power Power

(mW) (mW)

Active 313 275
Standby 225 75
Nap 11 N/A
Powerdown 7 1.75

Transition Time Energy Time Energy
(ns) (nJ) (ns) (nJ)

Standby → Active 3 0.94 0 0
Nap → Active 228 71.4 N/A N/A
Powerdown → Active 22513 7046.5 7.5 2.1

Table 2.3: Memory power consumptions, transition times, and transition energies.
Transition energies are estimated by multiplying time to transition by power at
active state. Sources: Fan et al. [38] and Huang et al. [59].

2.1.3 Memory

Memories typically have multiple power states, each consuming increasingly less

power at the expense of taking more time and energy to switch back to active

mode (in which data can be read) [59]. These power modes dictate how much

logic is on at a time. Components like row and column decoders and clock signals

can be turned off. The only necessary component is the refresh signal, without

which the memory would lose its data.

For a typical RAMBUS memory [29], transition times vary from 22510 ns from

powerdown to standby to 3 ns from standby to active. Power consumption per

each memory bank varies from 7 mW at powerdown mode to 313 mW at active

mode. Other types of memory have similar characteristics (see Table 2.3).

Memory has similar tradeoffs as disks or any other device. Care must be

taken when implementing energy savings techniques to avoid having lower power

modes delay accesses too much and therefore increase energy consumption. Also,

frequent transitions can reduce savings by the overhead of transition.
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2.2 Network

Network adaptors share similar power characteristics with memory and CPU,

since both components are integral parts of typical adaptors. Therefore, most of

the mechanisms for power management in network adaptors can borrow from the

mechanisms used in memory and CPUs.

However, memory in network cards is limited to small I/O buffers and pro-

cessing units are fairly simple and low-power. Not surprisingly, network adaptors

typically consume very little power, compared to the rest of the server system and

not much work is in the literature about energy conservation in network adaptors.

On the other hand, routers and switches are power-hungry machines. For

them, packet switching efficiency is key to performance. The power consumed

by routers and switches has historically been considered just a side effect of high

performance and thus many opportunities exist for power management. For ex-

ample, an Infiniband 8-port 12x (30 Gb/s) switch consumes 16.4 W just for the

link circuitry [84].

The main mechanism for conserving router and switch energy is to power off

unused or idle links and route around them. When these links are needed for high

performance, they are reactivated according to the policy in use.

Better design is another way of reducing power consumption in routers and

switches. For example, reducing resistance of the wires while shielding them from

interference lowers the power envelope of the interconnect as a whole. Also, a

careful choice of components and the layout of the various router buffers, cross-

bars, arbiters, and links is central to the design of power-efficient networking

hardware.
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2.3 Characteristics of Servers

Energy conservation in server systems differs markedly from that in laptop, hand-

held, and embedded devices. In servers, there is typically no idle time readily

available to be exploited. The typical workload on servers is intense enough that

resources are either mostly utilized or their utilization varies so rapidly that pow-

ering off resources during idle times can become a serious problem depending on

the energy overhead involved in the transition [21, 87].

Moreover, workloads on server systems are not interactive and limited by a

single user’s capacity to generate load. For example, on laptop systems, a single

user might listen to music and surf the web, watch a DVD or edit code and

compile, but not everything at the same time. This means that resources of

the laptop are used at different times and with different intensities. On servers,

however, it is possible for all subsystems to be stressed most of the time.

Given the different type of workload and lack of idle time on servers, energy

conservation becomes a challenge. Idle time must be created or extended so that

traditional power-management mechanisms can be used.

Replication of resources and redundancy in servers can be exploited to create

or extend idle times. Because server systems are designed to support worst-case

peaks in demand, the servers’ resources are under-utilized for a large fraction of

their lifetime. For example, internet services typically exhibit load peaks during

the day and valleys at night time while for some commercial sites weekends show

a similar pattern, but with lower intensity due to reduced commercial traffic.

Figure 2.2 shows the load profile of the seven-day trace collected at AT&T. The

daily patterns are clearly seen, though in this example the weekend effect is not
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observed (the first peak is a Saturday) because it is a proxy mainly for home-

based, dial-up users. Servers can take advantage of the predictability of this type

of workload and reconfigure resources to meet demand. This under-utilization

does not mean there is enough idle time left for energy conservation policies to

employ the mechanisms discussed earlier, because load is typically spread evenly

across all resources of a given type whenever possible, to avoid bottlenecks and

single points of failure. However, done carefully, load manipulation can be used

to both keep performance at appropriate levels and still increase idle times in

some resources.

Another way that server workloads differ markedly from that of single-user

workloads is in their locality and popularity of reference. In single-user systems,

a few documents (local files, Web pages, database tables, etc) can be referenced

a few times and the distinction between these documents in terms of locality

of reference and popularity can be moot, since the number of accesses are few

and limited by the intensity of what is generated by a single user. In servers,

however, the effect of multiple users accumulate and cause documents to observe

the collective effect of popularity and locality of reference. This means some

documents will be more popular than others and some documents will be more

recently accessed than others (these two sets need not be the same). Servers

can take advantage of these characteristics of workloads by utilizing caches and

performing data reorganization/migration to improve response time and also re-

duce power. For example, Web, file, and domain name servers (DNS) workloads

have been found to follow a Zipf power-law in the distribution of accesses to their

documents [12, 18, 66]. This means that a few documents are accessed frequently

while others are very unpopular. Figure 2.1 shows the distribution of accesses



18

 1e-05

 1e-04

 0.001

 0.01

 0.1

 1

 1  10  100  1000  10000  100000  1e+06

R
el

at
iv

e 
P

op
ul

ar
ity

Rank

Distribution
Zipf approximation

Figure 2.1: Typical popularity of files in a Web

server versus the synthetic Zipf distribution with

α=0.63. Web proxy trace from AT&T.

 0

 2

 4

 6

 8

 10

 12

 14

 16

 18

 0  1  2  3  4  5  6  7

Lo
ad

 (
R

eq
/s

)

Time (days)

ATT Trace

Figure 2.2: Typical server workload pattern. Web

proxy trace from AT&T.

to files of a trace collected from Web proxies at AT&T from 01/16/99 through

01/22/99.

2.4 Power Analysis: Where is all the power going?

Since the focus of this thesis is on saving energy by reducing power consump-

tion (rather than improving performance and thus reducing execution time, at

constant power), we need to know where the power is consumed in typical servers.

A typical server node consists of one or more CPUs, several memory boards,

a motherboard with various I/O components and caches, peripherals such as

network cards, and one or more disks drives. To power everything, a regulated

power supply must convert AC current to DC and provide enough excess power

for changes in power demand by all these components.

Our particular server node is composed of an 800-Mhz Pentium III CPU, 512

MB memory in two PC133 ECC DIMMs, two 9-GB IBM DNES-309170W SCSI

drives with a SCSI card, a PCI video card (but no monitor), one cLan Gigabit

Ethernet card, and two Intel Ethernet Pro 100 Mb network cards. This machine
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Figure 2.3: Power breakdown for our Pentium III server. Key goes counter-clockwise

starting at the twelve o’clock position (41% is ’Motherboard’).

consumes 4.3 Watts when it is powered off but plugged into the power grid.

When it is on and fully functional but idle, it consumes 70 Watts. At maximum

utilization – when all disks, memory and CPU are stressed – it consumes 94

Watts. Figure 2.3 shows the power breakdown per major component.

From the figure, we can see that the motherboard (plus the power supply’s

overhead) accounts for roughly 41% of total power consumption, followed by disks

at 22%, and CPU and memory with 11 and 10% each, respectively.

Most interestingly, however, the difference in power consumption between idle

and fully utilized is not great, only about 24 W. This means that the difference in

power consumption between having two machines running below their maximum

capacity and one machine running at peak capacity while the other machine is

off is advantageous (i.e. 94 + 0 < 70 + 70).

A similar conclusion can be drawn from the disk profile. As an example,

consider the Seagate SCSI disk we measured (see table 2.2). This disk consumes,

on average, 5.26 W when idle and 7.09 W when fully utilized – doing seeks, reads
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and writes (not shown in the table). In sleep mode (when the platters cease to

rotate, the heads park, and most logic is powered off), it consumes only 1.86 W.

This means that a single very busy disk plus a spun down disk consume less power

than two mostly idle disks (i.e. 7.09 + 1.86 < 5.26 + 5.26).

Our resource management techniques (discussed in the next chapters) in part

focus on shifting load towards subsets of the resources in order to create idleness

and therefore more opportunity for power conservation.
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Chapter 3

Related Work

A large body of previous work on energy conservation has focused on laptop

computers, embedded, and hand-held devices. Research on these devices has

included optimizations for the processor [48, 57, 58, 104], for the memory [31, 56,

71, 102], for the disk [32, 55, 73], and for offloading computation from them to

non-battery-operated computers [70, 91].

Some of this research can be used to optimize each node of a cluster indepen-

dently as well as individual components. Server systems can also benefit from

these contributions. However, our research is orthogonal to these contributions

in the sense that we focus on conservation that considers either all of the cluster

resources or all resources of a certain subsystem (e.g. the storage subsystem),

rather than individual nodes or devices in a subsystem. Moreover, we focus on

creating or extending idle time in order to create opportunities for these standard

techniques to work on servers.

In the next few sections, we categorize the related work into three broad

categories, based on whether they focus on entire server nodes, server sub-

systems (e.g. array of disk drives, multiple memory banks) or others, which

apply to single devices/components and are not server-specific.

Bianchini and Rajamony [16] surveyed these and other works on power and

energy conservation for server systems.
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3.1 Entire Server

In chapter 4 we introduce Load Concentration, a resource management technique

for server clusters that concentrates load on a subset of the server nodes and recon-

figures the cluster by powering off unused nodes. Perhaps the most closely-related

research to our Load Concentration is that by Chase et al. [23]. They tackled the

general problem of resource allocation in hosting centers using market-based poli-

cies. In terms of energy conservation, they evaluated a resource allocation policy

for a clustered WWW server that is similar to the cluster configuration algorithm

we study in chapter 4 and is also related to the system design methodology we

present in chapter 6.

Load Concentration is similar in spirit to offloading computation from a

battery-operated device to remote, non-battery-operated computers (e.g. [70,

91]). However, Load Concentration involves different challenges and tradeoffs,

mainly because the load on the cluster and the effect of applying the technique

must be determined before any action can be taken.

Our cluster reconfiguration and resource management work is inspired by

previous work in cluster-wide load balancing (e.g. [11, 14, 24, 33, 42, 75, 86]).

Some systems do use some form of load concentration, but only as a remedial

technique like in systems that harvest idle workstations (e.g. [11, 75]) or as

a management technique for manually excluding a cluster node. We use load

concentration as a first-class technique for conserving energy in clusters.

A few other projects deal with cluster reconfiguration (e.g. [4, 41, 44, 101]).

Even though these projects do not consider power and energy issues, they lend

themselves nicely to the powering down of unused systems.
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Other resource management techniques that consider the whole server are

cluster reserves [6] and resource containers [10]. The latter is designed to com-

partmentalize resource allocation within a single node and the former broadens

this view to an entire cluster of servers. In both cases, the objective is to pro-

vide performance isolation between the different services being offered by a single

server or a cluster of servers. Our proposed resource management algorithm does

not isolate the performance of different services nor does it differentiate between

types of services, since we focus on servers that are dedicated to a single purpose

or application (e.g. cycle servers, file servers, Web servers).

In terms of the load concentration algorithm, the most closely related work to

ours is that of Skadron et al. [96]. They proposed the use of control-theoretic tech-

niques for dynamic thermal management of microprocessors. We apply similar

techniques to cluster reconfiguration for power and performance.

For clusters of heterogeneous servers, the challenge is to keep powered on

only the nodes that consume the least amount of power per required throughput.

With changes in load, different sets of machines provide the optimal power-to-

performance ratio. In heterogeneous systems, Heath et al. [50] showed that a

cluster-wide energy-saving modeling and request distribution strategy with re-

configuration can produce energy savings of up to 43% with minimal impact on

performance.

3.2 Server Subsystems

We categorize subsystems in terms of the service they provide. For example,

computation and storage are separate subsystems, provided by the CPUs and
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disks, respectively.

3.2.1 Processing System

Elnozahy et al. [34] evaluated different combinations of cluster reconfiguration

and dynamic voltage scaling [104] for clusters. They showed that the benefits

of our technique can be increased by coupling it with coordinated (cluster-wide)

voltage scaling. The same group had already shown that isolated voltage scaling

was useful for servers [17].

For Web servers, Elnozahy et al. [35] also showed that request batching can

save significant amounts of energy. This technique delays requests and processes

them in batches, conserving CPU energy between batches by transitioning the

CPU to low-power state. Batching was also combined with DVS for even further

savings. Though studied for CPUs, batching is a generic policy and could be

applied to network interfaces, disks, and even entire servers at a time.

Hsu and Kremer [57] proposed compiler transformations to exploit dynamic

voltage scaling in CPUs during main memory stalls. If, at the time of a memory

access, there is no parallelism that the CPU can exploit to continue execution,

it should wait for the memory access to complete at reduced voltage and power

and thus save CPU energy. The authors evaluated their technique for high-

performance laptops and mentioned that the work is suitable to servers as well.

It is not clear how effective the technique would be given that it was not tested

in servers and the benchmarks were single applications from the Specfp95 suite

and not a mix of applications, more likely to be found in server environments.

However, at least in theory, the technique could be applied to servers.
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3.2.2 Main Memory System

Most of the work in the memory system used mobile or single-user workloads to

evaluate the impact of their policies [31, 59, 71]. They could be applied directly

on servers. The results, however, would not be obvious, and depend on the level

of stress imposed on the memory subsystem of servers.

For example, the Power-Aware Virtual Memory [59] works by shifting active

pages to a subset of the memory nodes (a memory node is the minimum unit

that is power-manageable in a memory system), while mostly-unused memory

nodes are transitioned to low-power modes. With this policy, if a memory system

is heavily-used, the savings might be null or insignificant. This work employs a

similar mechanism (data movement) as our work on Popular Data Concentra-

tion, studied in chapter 5. However, their evaluation used single-user workloads,

typically found in mobile computers and devices, not servers.

The work by Delaluz et al. [31] is similar in spirit to adaptive/predictive tech-

niques used for disk drives. In these works, the inter-access times are monitored

and a prediction is made based on past history. If the predicted future idle time is

greater than a threshold, the memory nodes are transitioned to low-power modes.

As we will show in chapters 5 and 6, idle times in servers are short and not suited

for adaptive/predictive techniques.

Lebeck et al. [71] sought to minimize the energy-delay product and save en-

ergy without significant performance degradation. Their early work (2000) stud-

ied static and dynamic power state policies, various types of applications, and

hinted at the benefits of dynamic page migration and the usefulness of hardware-

assisted fixed-threshold power-down polices. But it did not consider more than

one application at a time (which is the case of cycle servers) nor multiple clients
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issuing requests (which is case of single-application servers), so applicability to

server environments is unknown.

A few other works also looked at energy and power management of mem-

ory systems for mobile or embedded devices at the architectural and compiler

perspectives, with similar limitations [47, 69].

Architectural support for energy-efficient caches [9] and memory hierarchy [8]

have been proposed by Balasubramonian et al. for general-purpose use (desktop,

mobile, or server). Although not designed exclusively for servers, these works were

tested with a combination of workloads drawn from the Spec95, Spec2000 and

Olden benchmarks, which can arguably be characteristics of servers workloads (of

cycle servers, at least). However, a thorough examination of a mix of applications

was not performed and thus a definite conclusion about the applicability of these

works for servers cannot be made.

3.2.3 Network Infrastructure

Routers and switches are a vital part of server systems without which servers

would not have meaningful purpose. Limiting peak power consumption on routers

has been the focus of much research by Peh et al. [93, 97]. In these works,

each routing node limits its peak power consumption by shutting down unused

links and dynamically shifting traffic to under-utilized nodes (according to each

nodes’ power budget). Each router estimates current power usage and reacts to

predictions of future power usage.

In [92], Shang et al. apply DVS to interconnect switches and show power

savings of up to 6 times as compared to a power-oblivious switch, with only a

15% performance degradation. With these power savings and small performance
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degradation, this technique is also an effective energy conservation technique.

Another work on switches, by Kim et al. [68], shows that DVS suffers from

leakage power and can benefit from the Dynamic Link Shutdown (DLS) technique,

which turns off entire links for more robust energy savings – up to 40% with 5%

latency penalty – even when load is moderate to high (40 to 70% utilization).

Our work is orthogonal and complementary to these contributions, since

routers and switches are necessary components to support servers.

3.2.4 Storage System

For the storage subsystem, we further divide categories into two, those that take

redundancy into account and those that do not.

Without Redundancy

Several techniques have been proposed for disk energy conservation in storage

systems. In the next few paragraphs, we divide them into three groups: threshold-

based, data-movement, and other techniques.

Threshold-Based Techniques. The simplest threshold-based technique is Fixed

Threshold (FT). In FT, a disk is transitioned to low-power mode after a fixed

threshold time has elapsed since the last access. Inspired by competitive policies,

the threshold is usually set to the break-even time, i.e. the time a disk would have

to be in low-power mode to conserve the same energy consumed by transitioning

the disk down and back up to active mode.

Some studies have also considered adapting thresholds, based on past access

patterns [32, 54]. We study in chapter 6 the best possible adaptive-threshold

technique called Oracle. This technique transitions between power modes based
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on future knowledge of idle times. Though not implementable without application

support [52], we use Oracle as an idealistic basis for comparison.

Data-Movement Techniques. In this category are those techniques that mi-

grate or copy data across disks. The Massive Array of Idle Disks (MAID) tech-

nique by Colarelli and Grunwald [25] uses extra disks to cache recently accessed

data. On each access miss in the cache disks, the accessed block is copied from

the original disk to one of the cache disks. If all cache disks are full, one of them

evicts its LRU block to make space for the incoming block. The goal is to con-

centrate the accesses on the cache disks, so that the non-cache disks can remain

mostly idle and, thus, be transitioned to low-power mode.

In contrast to the copy-based approach of MAID, Popular Data Concentra-

tion (PDC) [85], which we will discuss in chapter 5, migrates data across disks

according to a combined metric of frequency and recency of access (popularity).

The goal is to lay data out in such a way that popular and unpopular data are

stored on different disks. This layout leaves the disks that store unpopular data

mostly idle, so that they can be transitioned to low-power mode.

Other Techniques. Carrera et al. [21] and Gurumurthi et al. [45] proposed

disks with more than one speed and showed that they can provide significant

energy savings for different server workloads. Carrera et al. also showed that a

combination of laptop and SCSI disks can be even more beneficial in terms of

energy, but only for over-provisioned servers.

Zhu et al. [109, 110] proposed storage cache replacement algorithms that

selectively keep blocks of data in main memory, so that certain disks can stay in

low-power mode for longer periods of time.

Papathanasiou and Scott [82] proposed the direct replacement of laptop disks
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for server-class disks, much in similarity with an earlier paper by Carrera et

al. [21]. In contrast to the earlier paper, Papathanasiou and Scott showed that it

might be possible to reduce power consumption without throughput degradation

by using laptop disks to replace server-class disks, at the expense of decreased

reliability and increased cost of hardware.

Our work is orthogonal to these contributions in that we seek to conserve

energy in the context of disk array-based servers. For these systems, exploiting

data movement or placement between disks can provide significant additional

gains.

With Redundancy

In terms of disk array-based servers, Gurumurthi et al. [46] considered the effect of

different RAID parameters, such as RAID level, stripe size, and number of disks,

on the performance and energy consumption of stand-alone database servers run-

ning transaction processing workloads. They also observed that it is not possible

to exploit idleness in this context. However, they did not consider any other en-

ergy conservation techniques nor they exploited the use of redundancy explicitly

to improve energy savings.

To our knowledge, the only work that explicitly takes redundancy into account

for energy saving is Diverted Accesses, discussed in detail in chapter 6. The main

idea behind Diverted Accesses is to segregate original blocks of data from the

redundant blocks in such a way that entire disks are dedicated to redundant

blocks and therefore are not needed under light load or when write/update traffic

is low.
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3.3 Other Related Energy Conservation Techniques

New storage devices, such as MEMS-based devices, have new characteristics that

can be exploited for energy conservation, as in the work of Lin et al. [74].

As previously mentioned, handing off tasks to be performed remotely can

alleviate the immediate energy problem (battery shortage) of a single mobile

device, at the potential expense of increased overall energy consumption (that of

the server plus mobile devices). This technique was first proposed by Rudenko et

al. [91] and Kremer et al. [70].

The operating system (OS) has been the target of power and energy research

as well (e.g. [13, 40, 71, 100, 104]). Vahdat et al. [100] suggest aspects that

the OS should take into account when running on batteries and what could be

done to avoid using energy unnecessarily, like turning off unnecessary portions

of the memory subsystem. In [13], Benini et al. suggest that the OS should

monitor resource usage so that shutdowns can be determined by the system more

accurately than by applications or hardware alone.

Flinn and Satyanarayanan [40] developed a user-level middleware to filter and

transcode data that applications fetch. Transcoding changes data quality in order

for applications to use the minimum amount of energy when processing it. Vahdat

et al. [22] and De Lara et al. [30] also concerned themselves with transcoding. A

few previous papers considered application/OS interactions intended to optimize

for power and energy [40, 76].

Heath et al. [52] used manual and compiler-assisted application transforma-

tions to show that increased burstiness in mobile disks saves considerable amounts

of energy. They also used mathematical models to accurately predict power-mode
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transitions on disk drives. We extend some of their models in our modeling of

Diverted Accesses in chapter 6.

Papathanasiou and Scott [83] developed an efficient prefetching and caching

mechanism for increasing burstiness on disk drives and save energy.

Fan et al. looked at main memory [71] and later [38] at the synergy between

memory and processor voltage scaling and showed that the careful combination of

techniques for memory and CPU voltage scaling outperformed either one alone.

For mobile computers, the network interface [98] and the wireless network [39,

65] have been the focus of energy research. Yan et al. [105, 106] showed that

with modifications in mobile clients’ networking protocol, energy savings can be

accrued. These works generally do not apply to servers due to the low bandwidth

and limited range of mobile network and wireless network cards.
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Chapter 4

Load Concentration

In this section we propose and examine a resource management technique that

focuses on entire server nodes at a time, in a clustered environment: Load Con-

centration.

In Load Concentration, our approach to conserving power and energy is to

develop systems that can leverage the widespread replication of resources in clus-

ters. In particular, we develop systems that can dynamically turn cluster nodes

on – to be able to handle the load imposed on the system efficiently – and off –

to save power under lighter load.

This research is inspired by previous work in cluster-wide load balancing (e.g.

[11, 14, 24, 42, 75, 86]). When performing load balancing, the goal is to evenly

spread the work over the available cluster resources and performance can be pro-

moted. The inverse of the load balancing operation concentrates work in fewer

nodes, idling other nodes that can be turned off. This load concentration or un-

balancing operation saves the power consumed by the powered-down nodes, but

can degrade the performance of the remaining nodes and potentially increase their

power consumption. Thus, load concentration involves an interesting performance

vs. power tradeoff.

Our systems exploit load concentration to conserve power. Their key compo-

nent is an algorithm that makes load balancing and concentration decisions by
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considering both the total load imposed on the cluster and the power and per-

formance of different cluster configurations. In more detail, the algorithm uses a

control-theoretic approach to determine whether nodes should be added to or re-

moved from the cluster, and decides how the existing load should be re-distributed

in case of a configuration change. To be able to understand the implications of

our algorithm, we implemented it in two popular types of cluster-based systems:

a network server and an operating system for clustered cycle servers. The im-

plementations were performed in two ways: (1) at the application level for the

network server; and (2) at the OS level for the cycle server. In a previous techni-

cal report [88], we also considered implementations that rely on application/OS

interaction.

Even though we target power conservation primarily, our experimental results

show that our secondary goal of saving energy is achieved as well. Our results

show that the modified network server can reduce the total power consumption

by as much as 71% and the energy consumption by 45% in comparison to the

original server running on a static cluster configuration. The modified OS can

reduce power consumption by as much as 88% for a synthetic workload, while

attempting to avoid any performance degradation, again in comparison to the

original system on a static cluster. The energy savings it accrues in this case is

32%. When a 20% performance degradation is acceptable, our system conserves

88% of the power and 40% of the energy consumed by the static system.

4.1 Cluster Configuration and Load Distribution

Power vs. performance. We consider the tradeoff between power and two
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types of performance, namely throughput and execution time performance. Through-

put is the key issue for systems such as modern network servers, in which the goal

is to service as many requests as possible; the latency of each request at the server

is usually a small fraction of the overall latency of wide-area client-server com-

munication. Execution time is key for systems such as cycle servers, as users may

object to significant delays in the execution of their jobs.

The cluster configuration and load distribution algorithm we propose decides

whether to add (turn on) or remove (turn off) nodes, according to the expected

performance and power implications of the decision. Decisions are made dynam-

ically for each cluster configuration and currently offered load.

For simplicity, the algorithm assumes that the cluster is comprised of homoge-

neous machines. Furthermore, the algorithm assumes that the removal of a node

does not cripple the file system. This is a valid assumption, since: (1) in certain

environments it is possible to replicate files at all nodes; and (2) when this is not

the case, the file servers can transparently be run on machines that do not strictly

belong to the cluster or that are not subject to the algorithm.

Addition/removal decision. To make node addition or removal decisions,

the algorithm requires the ability to predict the performance and the power con-

sumption of different cluster configurations. Exact power consumption predic-

tions are not straightforward. The problem is that it is difficult to predict the

power to be consumed by a node after it receives some arbitrary load. Conversely,

it is difficult to predict the power to be consumed by a node after some of its load

is moved elsewhere.

Nevertheless, exact power consumption predictions are not really necessary

for the algorithm to achieve its main goal, namely to conserve power. The reason
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for this is that each of our cluster nodes consumes approximately 70 Watts when

idle and approximately 94 Watts when all resources, i.e. CPU, caches, memory,

network interface, and disk, are stretched to the maximum. These measurements

mean that: (a) there is a relatively small difference in power consumption between

an idle node and a fully utilized node; and (b) the penalty for keeping a node

powered on is high, even if it is idle. Thus, we find in practice that turning a

node off always saves power, even if its load has to be moved to one or more other

nodes. Thus, our algorithm always decreases the number of nodes, provided that

the expected performance of applications is acceptable.

Performance predictions can also be difficult to make. We predict performance

by keeping track of the demand for (not the utilization of) resources on all clus-

ter nodes. With this information, our algorithm can estimate the performance

degradation that can be imposed on a node when new load is sent to it. There is

a caveat here, though. A degradation prediction is made based on past resource

demand history of the load to be moved on its current node, so the prediction

does not consider demand changes due to unexpected future behavior. In partic-

ular, the initial settle-down period during which the caches are warmed up with

the new load is disregarded; we are more interested in steady-state performance.

A throughput prediction can easily be made based on the resource demand

information. To see how this works, let us consider the throughput of a cluster-

based network server. Suppose a scenario with 3 cluster nodes, each of which

with demands for disk of 80%, 30%, and 20% of their nominal bandwidth. By

adding up all of these disk demands (and disregarding other resources to simplify

the example), we find that the server could run with no throughput degradation

on 2 nodes (130 < 200) and with a 30% throughput degradation on 1 node (130
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- 100 = 30). Our algorithm should decide to remove one at least; two nodes if a

30% degradation is acceptable.

Execution time predictions are much more complex, as they depend heavily

on the specific characteristics of the applications and on the amount and timing

of the demand imposed on the different resources. Therefore, we have to settle

for optimistic execution time predictions based on the demand for resources. The

predictions are optimistic because they assume that the use of resources is fully

pipelined and overlapped. To see how this works, let us consider the execution

time performance of applications running on a cluster of cycle servers. Suppose a

scenario with 2 cluster nodes with demands for their CPUs of 80% and 40%. Our

optimistic prediction strategy says that these applications could run with a 20%

execution time degradation on 1 node (120 - 100 = 20). Our algorithm should

decide to remove one of the nodes, if a 20% degradation is acceptable. (In reality,

20% is a lower bound on the degradation.)

It is clear then that a key component of our algorithm is the demand for re-

sources at each point in time. However, the decisions made by the algorithm must

not be solely based on instantaneous demands to avoid reconfigurations triggered

by transient load variations. The algorithm should also take into account the past

history of demands and the speed of change in demands. Control theory provides

a formal and well-understood approach to considering these properties. Thus,

we use a Proportional-Integral-Differential (PID) feedback controller for each re-

source as the basis for our algorithm’s decisions. The controller with the largest

output (in absolute value) is used to determine the ideal cluster configuration at

each point in time. The formula that describes the output, o(t), of each controller

is:
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o(t) = kpe(t) + ki

t
∑

0

e(t) + kd∆e(t)

Each controller calculates the current excess demand (with respect to the cur-

rent cluster configuration) for a resource, accumulates excess demand over time,

and computes the rate of change in excess demands. These are the proportional,

integral, and differential components of the controller, respectively. Each of these

components is weighted with a tunable constant, which should reflect how much

importance we want to give to each component. In our experiments, we used

kp = 0.7, ki = 0.15, and kd = 0.15. Furthermore, we saturate the integral com-

ponent at the resource capacity of a single node, i.e. 100% plus the acceptable

performance degradation. (These constants and saturation value were chosen af-

ter some experimentation with our systems.) The output of the controller is the

sum of the weighted components. The controller is executed every 10 seconds.

To guarantee stability, our algorithm computes excess demands with respect

to the arithmetic mean of the resource capacities of N and N-1 nodes for a con-

figuration with N nodes. Moreover, the algorithm only triggers a reconfiguration

if the absolute value of the controller’s output is greater than half of the resource

capacity of a single node plus 10% of this value. To decide how many nodes to

add or remove, the algorithm divides the output of the controller minus half of

the resource capacity of a node by the resource capacity of a node. For instance,

for a 5-node configuration and a 20% acceptable performance degradation, excess

demands would be computed with respect to 540% (the average of 5 × 120 and

4 × 120). In this scenario, a controller output of -65% means that the current

configuration should not be altered (65 < 66). An output of -300% should trigger

the removal of two nodes (d(| − 300| − 60)/120e = 2).
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We refer to the acceptable degradation and the minimum time between recon-

figurations as the degrad and elapse parameters of our algorithm. The degrad

parameter can be specified by the cluster administrator or by each application

(i.e. user). Ideally, the algorithm could also try to guarantee a maximum perfor-

mance degradation. This is clearly not possible for execution time performance,

but is conceivable for throughput performance. However, even in the case of

throughput, such a strong guarantee cannot be made, given that the load on the

cluster may increase faster than the system can react to such increase. Rather,

we use our acceptable performance degradation parameter to trigger actions that

can reduce or eliminate any degradation.

Load (re-)distribution decision. After an addition or removal decision is

made, the load may have to be re-distributed. If the decision is to add one or

more nodes, the algorithm must determine what part of the current load should

be sent to the added nodes. Obviously, the load to be migrated should come from

nodes undergoing excessive demand for resources.

If the decision is to remove one or more nodes, the algorithm must determine

which nodes should be removed and, if necessary, where to send the load currently

assigned to the soon-to-be-removed nodes. Obviously, the algorithm should give

preference to lightly loaded victim nodes and destination nodes that would not

undergo excessive demand for resources after receiving the new load.

The details of how to select victim nodes and of how to migrate load around

the cluster depend on the system for which the algorithm is implemented, so we

leave the description of these decisions for the next subsection.
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4.2 Implementations

Our algorithm has been implemented with minor variations in two different en-

vironments: (1) at the application level for a network server that runs alone on a

cluster; and (2) at the system level for a OS for clustered cycle servers.

In both implementations, the algorithm is run by a master node (node 0),

which is a regular node except that it receives periodic resource demand mes-

sages from all other nodes and it cannot be turned off. We chose centralized

implementations of the algorithm due to their simplicity and the fact that load

messages can be infrequent. For fault tolerance, a distributed implementation

would be best, but that is beyond the scope of this paper.

Power-aware cluster-based network server. We modified PRESS [20], a

cluster-based, event-driven WWW server to implement our algorithm completely

at the application level. The server is based on the observation that serving a re-

quest from any memory cache, even a remote cache, is substantially more efficient

than serving it from a disk, even a local disk. Essentially, the server distributes

HTTP requests across nodes based on cache locality and load balancing consid-

erations, so that files are unlikely to be read from disk if there is a cached copy

somewhere in the cluster. Since the cacheable files are static, each node stores a

copy of all files on its local disk.

We implemented the cluster configuration and load distribution algorithm in

the server making all nodes periodically inform the master node about their CPU,

disk, and network interface demands. The CPU demand is computed by reading

information from the /proc directory, whereas network and disk demands are

computed based on internal server information. To smooth out short bursts of
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activity, each of these demands is exponentially amortized over time using the

following formula: α× old demand + (1− α)× current demand. For our experi-

ments, α = 0.8 and the interval between demand computations is 10 seconds. In

case of the server, we are interested in throughput performance.

With information from all nodes, the master runs the cluster configuration

and load distribution algorithm described in the previous section. If a removal

decision is made, the master determines the maximum demand for any resource

at each node and picks the node(s) with the lowest of the maximum demands as

the victim. For the WWW server, it is not necessary to migrate load from a node

to be excluded from the cluster. The load can be naturally redistributed among

the remaining nodes, by the server’s own HTTP request distribution algorithm

and/or a load balancing front-end. Similarly, the addition of a new node to the

cluster does not require migrating any load from other nodes to it.

Note that at the application level it is impossible to determine the demand for

network interface (due to buffering in the kernel) and CPU (due to the fact that

the server is single-process) resources, so our server cannot deal with a throughput

degradation that is greater than 0%. In fact, in our experiments we assume that

the resource capacity of a single node is either 70% or 85% of its actual capacity,

i.e. we study degrad parameters of -30% and -15%. These values provide some

slack to compensate for the time it takes for a node to be booted, approximately

100 seconds. We set the default value of the elapse parameter to 120 seconds.

Given that the interval between demand computations is 10 seconds, this setting

for elapse allows the server two observations of the state of a reconfigured cluster

before another reconfiguration is permitted.

Power-aware OS for clusters. We modified Nomad [86], a Linux-based
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single-system-image OS for clusters of uni and/or multiprocessor cycle servers.

For the purposes of this paper, the most important characteristics of the OS are

that (a) it has a shared file system; (b) it starts each application on the most

lightly loaded node of the cluster at the moment; and (c) it performs dynamic

checkpointing and migration of whole applications (with all its processes and

state, including open file descriptors, static libraries, data, stack, registers and

the like) between nodes to balance load. Resource demand is computed for each

node in the OS, by checking the resource queues every second. Whenever the

average CPU demand, the memory consumption, or the I/O demand observed

locally at a node remains higher than a threshold for 5 seconds, the OS considers

the node to be undergoing excessive demand and attempts to migrate some of

its load out to a more lightly-loaded node with respect to the heavily demanded

resource.

To avoid excessive migration activity, the migration of an application can

only happen if a few conditions are verified. First, an application can only be

migrated if it has already executed at least as long as the estimated time to

migrate a process of its size. Second, a node that has just migrated an application

elsewhere will not migrate another one until a period of stabilization, currently

set to 30 seconds, has elapsed. Third, no incoming migration will be accepted by

a node that has been either the source or the destination of a migration during

the stabilization period. Finally, the OS was designed for clustered cycle servers,

i.e. time-shared execution of sequential applications on uniprocessor nodes and of

parallel applications on multiprocessor nodes, so applications that do not conform

to these restrictions cannot be migrated by the system.
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Again, we implemented the cluster configuration and load distribution algo-

rithm in the OS making all nodes periodically inform the master node about their

CPU, memory, and I/O demands. The CPU demand and the memory consump-

tion are computed by reading information from /proc, whereas I/O demands

are determined by instrumenting read and write system calls and getting swap

information from /proc. To smooth out short bursts of activity, the demands

are amortized using the same formula used by the WWW server. For our experi-

ments, α = 0.8 and the interval between demand computations is 10 seconds. In

case of the OS implementation of our algorithm, we are interested in execution

time performance.

With information from all nodes, the master can run our algorithm. If a

removal decision is made, the master selects the nodes with the lowest demands

for each resource as candidate victims. Unlike the WWW server, in the OS case

the load of the victim must be migrated to other nodes, so the master selects the

two nodes with the lightest load with respect to each resource (CPU, I/O, and

memory) and selects the source/destination pair that would lead to the lowest

overall demand for resources. To simplify our prototype implementation, the

destination node receives all applications that are running on the victim node.

Any load imbalances are later corrected by the OS according to its load balancing

policy.

In the modified OS, a node addition is not effected if only one application

is responsible for the excessive demand. After a new node is turned on, the OS

will start migrating applications to it, so that the load will be balanced again.

Given that adding nodes takes a significant amount of time (about 100 seconds),

it might take a while before the demand for resources becomes acceptable again,
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after a long-lasting surge of activity. We experiment with two values for degrad:

0% and 20%. The elapse parameter is set to 150 seconds. This setting allows

the system time to reconfigure, migrate applications to balance the load, and

re-evaluate the resource demands before another reconfiguration is allowed.

4.3 Methodology

To study the performance of our algorithm and systems, we performed experi-

ments with a cluster of 8 PCs connected by a Fast Ethernet switch and a Gi-

ganet switch. Each of the nodes contains an 800-MHz Pentium III processor,

512 MBytes of memory, two 7200 rpm disks (only one disk is used in our experi-

ments), and two network interfaces. Shutting a node down takes approximately

45 seconds and bringing it back up takes approximately 100 seconds.

All machines are connected to a power strip that allows for remote control of

the outlets. Machines can be turned on and off by sending commands to the IP

address of the power strip. The total amount of power consumed by the cluster

nodes is then monitored by a multimeter connected to the power strip. The

multimeter collects instantaneous power measurements 3-4 times per second and

sends these measurement to another computer, which stores them in a log for

later use. We obtain the power consumed by different cluster configurations by

aligning the log and our systems’ statistics.

Network server experiments. Besides the main cluster, we use another

14 Pentium-based machines to generate load for the modified WWW server. For

simplicity, we did not experiment with a front-end device that would hide the

powering down of cluster nodes from clients. Instead, clients poll all servers every
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10 seconds and can thus detect cluster reconfigurations and adapt their behavior

accordingly. The clients send requests to the available nodes of the server in

randomized fashion according to a trace of the accesses to the World Cup ’98

site from 12pm on 07/12 to 12pm on 07/14. The trace includes the day of the

championship match. To shorten the duration of the experiments, we accelerated

the trace 20 times.

Distributed OS experiments. The synthetic workload used for our mod-

ified OS experiments draws applications from a number of sources: all integer

applications from the SPEC2000 benchmark, the Berkeley MPEG movie encoder,

and two I/O benchmarks, IOcall and IOzone. IOcall is a benchmark to measure

OS performance on I/O calls, especially file read system calls. IOzone is a file

system benchmarking tool [61]; it generates and measures the performance of a

variety of file operations. Applications are arbitrarily assigned to nodes and are

run in arbitrary groups. Because the cluster size varies dynamically according to

the resource demand imposed on it, we start with only one machine powered on

(the master), which is responsible for launching all applications in the workload.

The offered demand conforms to a bell-shaped curve. To shorten the length of

the experiments, we generate significant changes in offered demand in very little

time.

4.4 Experimental Results

Power-aware cluster-based network server. We describe two experiments

with our server. In the first experiment, the parameters for the cluster reconfig-

uration algorithm are set to guarantee quick reaction to fluctuations in load, so
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that we can tackle significant increases in load without performance degradation.

More specifically, the algorithm tries to keep 30% spare resources for any clus-

ter configuration. Figure 4.1 presents the evolution of the cluster configuration

and demands for each resource as a function of time in seconds for this experi-

ment. The demand for each resource is plotted as a percentage of the nominal

throughput of the same resource in one node.

The figure shows that for this particular workload the network interface is

the bottleneck resource throughout the whole execution of the experiment (140

minutes). We started the experiment with a two-node configuration. The traffic

directed to the server initially increases slowly, triggering the addition of a node,

before increasing substantially and triggering the addition of several new nodes

in quick sequence. The traffic then subsides, until another period of high traffic

occurs, which is followed by a substantial decline in traffic. Note that through-

out the experiment the system reacts quickly to increases in traffic, because of

the spare capacity it consistently retains. As a result of the spare capacity, the

performance of the server is not affected by the dynamic reconfiguration of the

cluster.

Figure 4.2 presents the power consumption of the whole cluster for two versions

of the same experiment as a function of time. The lower curve (labeled “Dynamic

Configuration”) represents the version in which we run the power-aware server,

i.e. the cluster configuration is dynamically adapted to respond to variations in

resource demand. The higher curve (labeled “Static Configuration”) represents a

situation where we run the original server, i.e. the cluster configuration is fixed

at 7 nodes. As can be seen in the figure, our modified WWW server can reduce

power consumption significantly for most of the execution of our experiment.
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Figure 4.1: Cluster evolution and resource de-
mands for the WWW server (dynamic configura-
tion). elapse = 120 seconds; degrad = -30%.
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Figure 4.2: Power consumption for the WWW
server under static and dynamic cluster configura-
tions. elapse = 120 seconds; degrad = -30%.

Power savings actually reach 71% when the resource demands require only two

nodes. Our energy savings are also significant. Calculating the area below the

two curves, we find that the power-aware server saves 38% in energy. Thus, the

load on the cooling infrastructure over time is also reduced by 38%.

Even though these are significant gains, we can do better. The reason is that

keeping spare capacity promotes performance at the cost of higher power and

energy consumption. If we can estimate how fast the offered traffic can increase,

we can reduce the spare capacity to the minimum required to avoid excessively

long request latencies. For our trace, this minimum is 15%. Thus, figure 4.3

presents the evolution of the cluster configuration when the system attempts

to retain this much spare capacity. Comparing figures 4.1 and 4.3 we can see

that during most of the experiment the system now requires fewer active nodes

to handle the offered load. In this case, the power and energy gains that can

be achieved in comparison to a static system with 7 nodes are 71% and 45%,

respectively.
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Figure 4.3: Cluster evolution and resource de-
mands for the WWW server. elapse = 120 seconds;
degrad = -15%.
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Figure 4.4: Cluster evolution and resource de-
mands in the power-aware OS. elapse = 150 sec-
onds; degrad = 0%.

In general, it might not be possible to determine the maximum rate of work-

load change a priori. In these cases, mismatches between the rate of work-

load change and cluster reconfiguration delays can be alleviated by adjusting

the elapse and/or degrad parameters dynamically. We believe however that in

practice values of a few minutes for elapse and a few percent for degrad should

work just fine, since real network server workloads usually change more slowly

than in our experiments.

Power-aware OS for clusters. Figure 4.4 presents the evolution of the

cluster configuration and demands for each resource with elapse = 150 seconds

and degrad = 0%, as a function of time. The experiment lasted about 46 min-

utes. The CPU is always the bottleneck resource during the experiment. The

experiment starts with a single-node configuration. This node is responsible for

starting all the applications in the workload. As new applications are started,

the CPU demand increases and eventually triggers the addition of a new node.

When the new node is added by the master, the OS attempts to balance the load
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Figure 4.6: Cluster evolution and resource demands
in the power-aware OS (dynamic configuration).
elapse = 150 seconds; degrad = 20%.

by migrating some applications to the new node. As the number of applications

started increases, they trigger the addition of other nodes, one at a time. The

OS is able to track the demand increases fairly well by increasing the size of the

cluster. At about half way through the experiment, the demand for CPU becomes

much higher than can be managed by an 8-node cluster. Right after this peak in

demand however, some applications start to finish and the demand for resources

drops quickly. The master responds to this change in load by excluding the now

idle nodes, one at a time. Again, the system does a good job of tracking the

decrease in resource demand.

Figure 4.5 presents the power consumption of the whole cluster for two versions

of the same experiment as a function of time. As can be seen in the figure,

our power-aware OS can reduce power consumption significantly for most of the

execution time of the experiment. Power savings 1 actually reach 88% when the

1Difference between maximum and minimum power dissipation during the execution of the
experiment.
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resource demands require only a single node. Energy savings are also significant.

The area below the two curves indicates that the power-aware OS saves 35% in

energy for this workload.

It is interesting to note that the workload used in this experiment finishes a

little earlier on the static configuration (around 45 minutes) than on the dynamic

one (around 46 minutes). If we compare the energy consumed by the static

configuration during the first 45 minutes of the experiment against that of the

dynamic configuration for the whole experiment, we find that our energy savings

are only slightly smaller, 32%. (This comparison is not really fair however, since

real, i.e. static, cycle servers are never turned off). In any case, it is clear that the

load on the cooling infrastructure is reduced by at least 32% under the dynamic

system.

To investigate the tradeoff between performance and power, we also performed

experiments in which our intended performance degradation is 20%. We kept

elapse at 150 seconds. Figure 4.6 illustrates the evolution of the cluster con-

figuration in this case. As one would expect, allowing for some performance

degradation has the effect of slowing down the addition of new nodes and speed-

ing up the removal of unnecessary nodes. As a result, the system decides to

jump directly from 6 to 8 nodes when ramping up and to jump directly from 7

to 5 nodes when down-sizing. Overall, our system conserves 88% and 42% of the

power and energy consumed by its static counterpart in this experiment. If we

consider that the workload finishes 2 minutes later on the dynamic than on the

static configuration, the energy gains are of 40%.
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4.5 Conclusions

In this chapter, we addressed power and energy conservation for clusters. We

proposed a control-theoretic cluster configuration and load distribution algorithm

and applied it under two different scenarios. Our experiments showed that it

is indeed possible to conserve significant power and energy in the context of

clusters. Based on our experimental results, we conclude that exploiting periods

of light load and matching the offered resources can provide tremendous gains for

organizations and companies that rely on large clusters of servers
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Chapter 5

Popular Data Concentration

In this chapter, we describe the Popular Data Concentration (PDC) technique

and the Nomad File Server. PDC is a new energy conservation technique for disk

array-based network servers. The idea behind PDC is to dynamically migrate the

popular disk data (i.e., the most frequently and recently accessed data on disk)

to a subset of the disks in the array, so that the load becomes skewed towards

a few of the disks and others can be sent to low-power modes. PDC is based

on the observation that network server workloads often exhibit files with widely

different popularities. For instance, Web server workloads are known to exhibit

highly skewed popularity towards a small set of files.

To demonstrate the benefits of PDC, we also propose a user-level file server,

called Nomad FS, that takes advantage of our technique. We envision coupling

Nomad FS with one or more front-end network servers. Nomad FS uses the MQ

algorithm [108] for second-level cache replacement to guide the placement of files

in the disk array dynamically. The current prototype of Nomad FS conserves

energy by spinning disks down after a period of idleness. Unfortunately, spinning

a disk back up to service a request increases the response time for the request

significantly.

We also study Nomad FS in the context of disk arrays composed of two-speed

disks [21]. These disks conserve energy by automatically reducing their rotational
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speeds under light load. Thus, Nomad FS does not have to explicitly perform

power mode transitions when two-speed disks are used. Furthermore, requests

are only delayed during rotational speed transitions, which means that only a

small percentage of requests is delayed for stable workloads.

Because our work targets network servers, degrading the response time of a

small fraction of requests is acceptable for Nomad FS. In fact, the overhead of

multiple message exchanges per request in network servers means that higher

server response times can be accommodated. Moreover, network servers typically

interact with people (or background processes), so even substantial degradations

may not be noticeable. For example, a degradation from 10 to 100 milliseconds

is usually acceptable for network servers.

To put PDC in context, we compare Nomad FS against a very similar version

of it that is based on the Massive Array of Idle Disks (MAID) [25].

The behavior of the systems we consider is affected by several important

parameters, such as the type of disks, the disk request rate, the size of the main

memory cache, and the percentage of the stored files that is actually accessed.

To understand the effect of these parameters and determine the “sweet spot” for

each technique, we assess the parameter space extensively using a simulator and

synthetic traces. We also simulate two real traces to confirm the observations

from the parameter space exploration. To guarantee the accuracy of our results,

we validate the simulator against real executions of our prototype implementation

of Nomad FS.

Our results for arrays of conventional disks show that PDC and MAID can

only conserve energy when the load on the server is extremely low. When arrays

of two-speed disks are used, both PDC and MAID can conserve up to 30-40% of
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the disk energy with only a small fraction of delayed requests. Overall, PDC is

more consistent and robust than MAID; the behavior of MAID is highly depen-

dent on the number of cache disks. Furthermore, PDC achieves these properties

without the overhead of extra disks. However, the PDC energy savings degrade

substantially for long migration intervals. Based on these results, we conclude

that the techniques we study will be very useful for disk array-based servers when

multi-speed disks become available.

5.1 Popular Data Concentration

Several types of network servers exhibit workloads with highly skewed file access

frequencies. For example, it has been shown that the frequency of file access by

a Web server conforms to a Zipf distribution [18] with high coefficient. The same

is true of other servers as well, e.g. [63]. More formally, Zipf’s law predicts that

the frequency of access or popularity τ of a file is proportional to the inverse of

its rank r raised to some coefficient α, i.e. τ = 1/rα. When α is high (close to 1),

a relatively small number of files is accessed frequently, whereas a large number

of files is accessed rarely. Workloads with high α often exhibit skewed popularity

in terms of disk accesses as well (albeit with smaller α), even in the presence of

large main memory caches [19].

PDC is inspired by such heavily clustered popularities. The idea behind PDC

is to concentrate the most popular disk data (i.e., those that most frequently

miss in the main memory cache) by migrating it to a subset of the disks. This

concentration should skew the disk load towards this subset, while other disks

become less loaded. These other disks can then be sent to low-power modes to
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conserve energy. More specifically, the goal of PDC is to lay data out across the

disk array so that the first disk stores the most popular disk data, the second

disk stores the next set of most popular disk data, and so on. The least popular

disk data and the data that are never accessed will then be stored on the last few

disks. In fact, the last few disks will also include the data that most frequently

hit in the main memory cache.

To avoid performance degradation, it is important not to overload the disks

that store popular data. Thus, the expected access rate for each disk needs to be

considered explicitly. This is done by estimating the future load (in MBytes/second)

on each disk to be the sum of the recent load directed to the data to be stored

on it. PDC should then only migrate data onto a disk until the expected load on

the disk is close to its maximum bandwidth for the workload.

Because data popularity can change over time, PDC may have to be applied

periodically. In such cases, it might be necessary to free up space on a disk by

migrating data out of it, before more popular data can be migrated in.

5.2 Nomad FS

PDC has been implemented in Nomad FS, a prototype energy-aware file server

consisting of approximately 13k lines of C++ code. Nomad FS is a user-level,

event-driven server that works on top of the local file system. The server asso-

ciates a helper thread with each disk. This thread is the only part of the server

that directly touches the disk, either for read/write operations or migrations. Al-

though the server receives requests for 8-KByte file blocks, entire files are migrated

according to PDC. This approach works fine for the workloads we are interested
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in, such as Web, proxy, ftp, and email server workloads, which access entire files

at a time.

To conserve energy in disk arrays composed of conventional disks, PDC is

used to idle disks, which are then spun down by the server after a fixed period

of idleness (the idleness threshold). The server determines that it is time to spin

down a disk by keeping the last access time per disk and periodically testing

whether any disk has been idle for longer than the idleness threshold. A spun

down disk is reactivated on the next access to it. When we consider disk arrays

composed of two-speed disks, Nomad FS does not explicitly effect power mode

transitions. Furthermore, Nomad FS does not migrate files out of disks that are

already running in low speed to reduce the migration overhead.

The file server exports one single view of the file system, although multiple

disks drives can be used. For simplicity of our prototype, each file is permanently

stored on one disk only, i.e. no striping or mirroring is used at this time. The

user has no control over where (on the disk array) files are stored, since that

information can change dynamically. New files are created on any of the disks

with enough free space. Metadata information is kept in a well-known location on

the disk that stores the most popular files. The metadata for each file contains

the file name (at most 128 bytes), the size of the file, the disk on which the

file resides, the times of creation and last access, and bookkeeping information

(pointers to next and previous files on the same disk, etc). Overall, each metadata

entry consumes 168 bytes. The metadata for all files is kept in a large file that is

memory mapped to the virtual address space of the server. Only when a file is

actually opened is its metadata accessed and physical memory allocated for it.

Nomad FS caches data blocks in memory at the user level. Because the cache
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is not a first-level cache (it sits behind the clients’ and/or network servers’ caches),

the standard LRU replacement policy would not work well for this cache. Instead,

Nomad FS uses the Multi Queue (MQ) algorithm [108] to manage its block cache.

MQ has been shown superior to other algorithms, including sophisticated varia-

tions of LRU.

The MQ cache works as follows. There are multiple LRU queues numbered

Q0, Q1, ..., Qm−1; in our prototype m = 12, but the system behavior is typically

similar for other large numbers of queues. Blocks stay in the LRU queues for a

given lifetime. This lifetime is defined dynamically by the MQ algorithm to be the

maximum temporal distance between two accesses to the same file or the number

of cache blocks, whichever is larger. If a block has not been referenced within its

lifetime, it is demoted from Qi to Qi−1 or evicted from the cache if it is in Q0.

Each queue also has a maximum access count. If a block in queue Qi is accessed

more than 2i times, this block is then promoted to Qi+1 until it is accessed more

than 2i+1 times or its lifetime expires. Within a given queue, blocks are ranked

by recency of access, according to LRU.

During operation of the server, information about the files referenced in the

past are summarized on a list in main memory. The summary for each file stores

the file descriptor, the number of disk accesses for the file, a pointer to its meta-

data, and some other bookkeeping data (such as list pointers), totaling 60 bytes.

The amount of memory dedicated to the list of summary information should be

large enough to hold at least the number of files in the working set of a given

workload.

The ranking of file popularity is done incrementally every time a file access

requires a disk access. We do this by reusing the same MQ cache algorithm
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described above, but instead of using it on cache blocks, we use it on the summary

information. More specifically, we keep the summary information on an MQ

cache-like list. Every disk access causes the file’s summary data to move on the

list according to the MQ policy. More disk accesses cause the summary entry to

move closer to the head of the list. After a while, popular files (in terms of disk

accesses) will be close to the head of the list, while unpopular files will be towards

the tail.

Periodically, files are migrated to disks based on this ranked list of disk ac-

cesses. The algorithm traverses the queues from Qm−1 to Q0. Initially, files in

queue Qm−1 are migrated to the first disk (numbered 0) until it is full or the

expected load on the disk approaches its maximum bandwidth for the workload.

The expected load associated with a file is estimated by dividing its size by its

average inter-access time. The next set of files is migrated to the second disk

(according to the same conditions) and so on. If the server needs to migrate a

file F to disk drive i, there is no space available on i, and a file L on i is less

popular than F , then file L is migrated to disk z. Disk z is selected as follows.

First, the server tries the disks holding more popular files, starting from disk 0

and checking all disks until disk i− 1. If not enough space and bandwidth can be

found there, the server checks the disks holding less popular data, starting from

disk i + 1 and checking all higher numbered disks. This algorithm should always

find space for the file, as long as the overall disk space is not excessively tight for

the size of the file system. We have not developed an algorithm to deal with this

last scenario, because it has not been a problem for us.
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5.3 Comparison Against Other Approaches

MAID. As previously said, MAID has been proposed as a replacement for old

tape backup archives with hundreds or thousands of tapes. Because only a small

part of the archive would be active at a time, the idea is to copy the required

data to a set of “cache disks” and put all the other disks in low-power mode.

Accesses to the archive may then find the data on the cache disk(s). Cache disk

replacements are implemented using an LRU policy. Replaced data can simply be

discarded if it is clean. If it is dirty, it has to be written back to the corresponding

non-cache disk.

This same idea can be applied to file servers as well. In fact, we developed a

version of Nomad FS that uses MAID to conserve energy. We used as much code

from Nomad FS as possible for our MAID-based file server, so that the two servers

can be directly compared. The main memory cache management, for instance, is

exactly the same for both implementations. On an access to a cached file block,

the access is performed on the corresponding cache disk. If the block accessed is

not cached, the entire file is copied by the server from its location on one of the

non-cache disks to one of the cache disks. If a replacement is required on a cache

disk, an entire file that is large enough is replaced according to LRU.

The designers of MAID observed that cache disks can become overloaded

[25]. To counter this problem, we optimize MAID by avoiding copying files to the

cache disks when the recent load on these disks is approaching their maximum

bandwidth. We find that the absence of this optimization always leads to a large

percentage of delayed requests, as the cache disks become a bottleneck.
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To conserve energy in configurations with conventional disks, the MAID ver-

sion of our server explicitly spins disks down after a period of idleness. When

considering two-speed disks, the server does not control power modes explicitly

and does not copy data out of disks that are already at low speed.

In section 5.5, we quantitatively compare the MAID version of our file server

against the PDC version. Here we focus on a qualitative comparison. PDC and

MAID have the same objective, namely to increase idle times by moving data

around the disk array and spinning disks down. As a result, both techniques

sacrifice the access time of certain files in favor of energy conservation. How-

ever, instead of relying on file popularity and migration like PDC, MAID relies

on temporal locality and copying to conserve energy. This has a few potential

disadvantages in terms of energy savings: (1) the cache disk(s) represent energy

overhead, since they are additional to the set of disks that are required to store

the actual data; (2) the cache disk(s) might not have enough space to store the

entire (dynamically changing) working set for a given workload, causing constant

accesses to the non-cache disks; and (3) files are randomly spread on the non-cache

disks, which may significantly reduce the opportunity for energy conservation if

requests miss in the cache disk(s) frequently. Nevertheless, MAID does have a few

potential advantages: (1) metadata management is significantly simpler, since it

does not need to store and operate on file access information about all files, only

those that are on cache disks; and (2) it adapts faster to changes in workload

behavior, because file copying (and possibly replacement) take place on a per-file

access basis.

FT. When considering disk arrays composed of conventional disks, we also study

the fixed-threshold (FT) technique. We set the idleness threshold to the amount
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of time for which the energy consumed in idle state is the same as that of pow-

ering the disk down and later powering the disk back up. The rationale for this

definition is similar to the competitive argument about renting or buying skis

[67]. A spun down disk is reactivated on the next access to it.

FT does not involve any data movement or re-organization and, thus, is not

very effective at conserving energy in busy servers. In contrast, it is very useful

when combined with PDC or MAID, as described above. We use an FT-based

version of our file server as a basis for comparison in section 5.5. Again, we re-used

most of the Nomad FS code to implement our FT-based file server.

5.4 Methodology

Our main goals in this chapter are to determine the conditions under which PDC

is effective at conserving energy and how it compares to MAID and FT for two

disk array types and a wide range of parameters. We explore this parameter space

using the simulator that we describe in section 5.4.1.

The reason why we chose simulation rather than real experimentation is two-

fold: (1) two-speed disks are not yet available on the market (although Sony

already has a disk drive that allows for static speed setting [81]); and (2) using

real experiments to perform such a comprehensive parameter space exploration

would have taken extremely long. For example, each of our simulations involves

19 million requests at 750 requests/second. A real experiment with these param-

eters takes 7 hours, whereas a simulation takes less than 40 minutes. Note that

accelerating a real execution and then scaling results back would not have worked,

since it is not possible to accelerate real disk spin up/spin down operations, file
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copying, or file migration.

Nevertheless, we strongly believe in realistic simulations, so we carefully val-

idated the simulator against executions of our prototype file server implementa-

tions on our own server hardware. We discuss the validation of the simulator in

subsection 5.4.2.

Another advantage of using simulation is that we can easily vary parameters,

which is a key component of this paper. In subsection 5.4.3 we discuss the set

of parameters that we have found most relevant in evaluating and comparing the

different file servers.

We drive the simulator with both synthetic and real traces. Subsection 5.4.4

describes our generator of synthetic traces, whereas subsection 5.4.5 describes our

real traces.

5.4.1 Simulation

We have developed an execution-driven simulator of our prototype file servers.

The simulator mimics the implementation of our servers as closely as possible.

In fact, several parts of the real servers were reused in the simulator to avoid

deviations from the real implementations. The MQ replacement algorithm im-

plementation, for example, was copied straight out of the server code.

At the file system level, files are assumed to be laid out in consecutive blocks

of the same disk, whereas i-nodes are assumed to be cached in memory. At a

lower level, the simulator models an array of conventional Cheetah disks or an

array of two-speed disks. The main characteristics of the conventional disk are

shown in table 5.1. The table also lists the idleness threshold for this disk, which

is the sum of the energies to spin the disk up and down divided by the idle power.
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Description Value

Disk model Seagate Cheetah ST39205LC
Standard interface SCSI
Storage capacity 9.17 GBytes

Number of platters 1
Rotational speed 10000 rpm
Avg. seek time 5.4 msecs

Avg. rotation time 3 msecs
Transfer rate 31 MBytes/sec
Idle power 5.26 Watts

Down power 1.86 Watts
Active energy (8-KB read) 61 mJoules

Spin up energy 65.91 Joules
Spin down energy 28.25 Joules

Spin up time 6.12 secs
Spin down time 11.24 secs

Idleness threshold 17.9 secs

Table 5.1: Main characteristics and measured power, energy, and time statistics
of our SCSI disk.

The main characteristics of the two-speed disks are shown in table 5.2. The

high speed values are those of the Cheetah disk. These values were scaled down

to produce the low speed values. In particular, the power and energy values were

scaled down in quadratic fashion [45], assuming that power = c × speed2 + 1.86

where c is the constant (5.26 − 1.86)/10K2. The disk controller slows the disk

down when the offered load becomes lower than 80% of the disk throughput at

low speed. Conversely, the controller transitions the disk to high speed when

this same threshold is exceeded. The controller can trigger these transitions by

observing the actual utilization of the disk. We assume that no accesses can

proceed when a disk is transitioning speeds. The speed transition costs are set to

half of the corresponding costs for the Cheetah disk. For example, going from low

to high speed costs half of the energy and time to spin up the Cheetah disk. These

transition cost settings are admittedly somewhat arbitrary. However, note that
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Description Value

Storage capacity 9.17 GBytes
Avg. seek time 5.4 msecs

High to low speed transition energy 14.13 Joules
High to low speed transition time 5.62 secs

Low to high speed transition energy 32.96 Joules
Low to high speed transition time 3.06 secs

High rotational speed 10000 rpm
Avg. rotation time at high speed 3 msecs

Transfer rate at high speed 31 MBytes/sec
Idle power at high speed 5.26 Watts

Active energy at high speed (8-KB read) 61 mJoules

Low rotational speed 3000 rpm
Avg. rotation time at low speed 10 msecs

Transfer rate at low speed 9.3 MBytes/sec
Idle power at low speed 2.17 Watts

Active energy at low speed (8-KB read) 43 mJoules

Table 5.2: Main characteristics and simulated power, energy, and time for our
two-speed disk. The high speed values are those of our Cheetah disk (table
5.1). These values were scaled down to produce the low speed values. The speed
transition costs are set to half of the corresponding costs in the Cheetah disk.

the transition costs make little difference in our simulations, since the frequency

of speed transitions is low for the parameters we consider. This same effect has

been observed in previous work [21].

Finally, the PDC and MAID-based servers involve four major sources of over-

head that do not exist in the FT version of our server: migrations, copies, LRU

processing, MQ processing. The CPU energy consumed by these operations has

not been considered so far. To take this consumption into account, we deter-

mined these overheads by running three microbenchmarks. One of them isolates

the CPU energy involved in each file block request to be about 37 µJ for both

LRU and MQ processing. The other two microbenchmarks isolate the CPU en-

ergy consumed by each migration and copy operation, as a function of file size.

We have approximated these costs to 1.5 µJ per byte moved. The simulator
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Description Value

Request rate 4 file requests/sec
Trace length 9033 secs (2.5 hours)

Number of files 43690 *
File size 20 KBytes *

Total file system size 853 MBytes *

Main memory cache size 64 MBytes *
Number of disks 4
Disk capacity 342 MBytes *

Idleness threshold 17.9 secs
Migration period every 1.25 hours (PDC only)

Table 5.3: Values used in the simulator validation: workload characteristics (top),
server settings and disk characteristics (bottom). Values marked with “*” are used
for fast validation.

Description Total energy consumed Files moved MBytes moved Spin downs/ups Delayed requests
Sim Real Error Sim Real Sim Real Sim Real Sim Real

PDC 152023 172843 12.0% 9715 10943 227 283 336 326 1.3% 1.2%
MAID 141349 156335 9.6% 8738 8716 204 204 300 304 1.1% 1.0%

FT 190374 200479 5.0% n/a n/a n/a n/a 10 13 0.2% 0.2%
EO 190346 200833 5.2% n/a n/a n/a n/a n/a n/a 0.0% 0.0%

Table 5.4: Summary of simulator validation. Energy values are in Joules.

charges each request, migration, and copy with these CPU energy costs.

The simulator faithfully models the disk powers, energies, and times discussed

above to determine disk energy consumption and response times. The CPU en-

ergy costs associated with PDC and MAID are added to their disk energy con-

sumption.

5.4.2 Simulator Validation

It is important to build confidence in our simulator by validating it against real

experiments. Unfortunately, we can only validate the simulations that assume

conventional disks.

Our server hardware consists of an ASUS A7A133 motherboard with an Intel
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Pentium-4 1.9-GHz processor, 512 MBytes of memory, 4 Seagate Cheetah 9.1-

GByte Ultra SCSI disks, one Adaptec 29160 Ultra 160 SCSI controller, and one

Gigabit Ethernet network adaptor. The energy consumed by the disks is mon-

itored by a TDS 3014 oscilloscope. The oscilloscope is connected to a remote

computer that collects power consumption data at 1.25 Gsamples/second. These

data are averaged every 10 milliseconds. A 1.2-GHz PC connected to the server

via a Gigabit Ethernet connection generates load for the server.

We used a synthetic workload to validate the simulator against our prototype

file servers running on this server hardware. Our workload generator (explained

in detail below) keeps selecting a file to access randomly out of a set of files for a

user-specified amount of time. All the blocks of each chosen file are requested in

sequence. The timing of the file requests follows an exponential distribution. The

main characteristics of the synthetic workload and the server settings are sum-

marized in table 5.3. Note that some of the workload characteristics and server

settings (those marked with “*”) are not realistic; they are meant exclusively for

fast validation.

We collected results for our file servers, as well as an energy-oblivious server

(EO) under which disks are never powered down. The MAID version used one

of the 4 disks as a cache disk, so it did not incur any energy overhead due to the

cache disk. Table 5.4 compares the servers in terms of disk energy consumption,

files and bytes moved between disks, number of disk spin downs/ups, and the

percentage of delayed requests. We consider a file request to be delayed if it takes

longer than 200 milliseconds.

The results show that the total energy consumed by each server matches

closely (within 5 to 12%) that of the simulated system. The results also match
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the other metrics closely, especially the number of spin downs/ups, which is a

key metric for energy conservation. These results give us confidence that our

simulator can be used to illustrate the important trends across the parameter

space.

5.4.3 Parameter Space

Three categories of parameters directly affect the energy conservation techniques

and file servers we study: workload characteristics, server characteristics, and

disk drive characteristics. Next, we discuss each of these categories in turn.

Workload characteristics. These are characteristics that are inherent to the

workload imposed on the file server. Among the large set of parameters that

describe a workload, we have identified five key characteristics: the request rate,

the file popularity, the coverage of the file system, the percentage of writes, and

the temporal correlation of accesses to files.

The request rate has to do with the rate at which file requests arrive at the

server. We assume that inter-arrival times are exponentially distributed; the

request rate is the average of the distribution.

File popularity corresponds to the frequency with which each file is accessed.

We represent popularity by a value of the α coefficient in Zipf’s power law.

This coefficient determines how skewed the distribution of accesses to files is.

A smaller α (close to 0) means that requests are more evenly distributed among

files, whereas a larger α (close to 1) means that requests are more skewed towards

a few files.
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The file system coverage has to do with the percentage of the entire file repos-

itory that is actually accessed by the workload. A coverage of 100% means that

all files in the file system are accessed at least once.

The percentage of writes corresponds to the frequency of file write operations

in the workload.

Temporal locality describes how far apart in time consecutive accesses to the

same files are. In particular, workloads with high temporal locality exhibit con-

secutive accesses to the same file that are “close” in time, whereas workloads with

low temporal locality exhibit consecutive accesses to the same file that are “far

apart” in time. Temporal locality has a direct relationship with popularity, i.e.,

popular files have a short inter-arrival time due to their popularity. However,

temporal locality can also be an effect of temporal correlation, as discussed in

[64]. Files with high temporal correlation are those for which accesses are close

together in time regardless of the absolute popularity of the file. In this study,

we are interested in the effect of both aspects of temporal locality on energy

conservation.

File server characteristics. The configuration of the file server can impact the

energy savings significantly. Important configuration parameters are the main

memory cache size, the cache replacement policy, and the number of disks used.

We consider the cache size and the number of disks in this study. We keep the

cache replacement policy fixed on the MQ algorithm, which has been shown to

be the best policy for second-level caches such as the ones used in our file servers

[108].

Disk drive characteristics. Several characteristics of physical disk drives affect

energy consumption directly, especially the power consumption in each mode and
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the spin up/down overheads. Rather than focusing on a detailed exploration of

this space however, we concentrate on evaluating the systems we study for disk

arrays composed of either conventional or two-speed disks.

5.4.4 Synthetic Trace Generator

To understand the impact of the parameters we just discussed, we built a work-

load generator that can produce request traces with user-specified request rate,

popularity, coverage, temporal correlation, number of requests, file system size,

and average file size. Currently the generator assumes that all files are of the

same size for simplicity.

To generate a request trace, the generator must first compute the total number

of files in the file system, by dividing the file system size by the file size. With

the total number of files, the generator can determine the number of files that

must be requested, according to the desired coverage. Each of the files to be

requested then receives a probability weight, based on Zipf’s formula 1/iα, where

i is the rank of the file from 1 to the number of files to be requested. Based on

these probabilities, the generator randomly selects the actual file requests that

will make up the trace. All blocks of a selected file are requested in sequence.

Each new request is assigned a timestamp that is equal to the time of the last

access plus an exponentially distributed random increment based on the request

rate.

The generator continues to select files based on their weights until the number

of requests reaches the desired number. If the desired coverage is still missing N

files when the trace is missing N requests, a request for each of these N files is

appended to the trace sequentially. However, to avoid having a long sequence of
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previously unreferenced files in the end of the trace, we randomize the trace once

all the files have been selected. We have verified that this procedure produces

the desired coverage without changing the desired popularity (α) by inspecting

several generated workloads.

However, this generation procedure does not consider temporal correlation

explicitly. As described, the temporal locality of the workload is the one inherent

to the popularity of files. The workloads we consider have this form of temporal

locality, except when we explicitly address the effect of temporal correlation. To

generate a set of workloads with varying degrees of temporal correlation, the

generator does the following. The probability weights described by the Zipf are

split into a fixed number of groups with the same number of files per group.

Instead of generating requests that span the whole range of files in the coverage,

the generator selects files from the first group first, for as many requests as the

first group of files should receive. After generating all the requests for the first

group, the generator moves to the second group and so on. Grouping files in this

way forces files to be selected more closely together in time. For a number of

groups larger than 1, the result is a workload with higher temporal correlation.

For large numbers of groups, even unpopular files will have much higher temporal

correlation. The resulting workload might be unrealistic for more than 1 group,

but it does exhibit a controlled temporal correlation behavior, which suffices for

our purpose of observing trends.

5.4.5 Real Traces

We also simulate two real (proxy server) traces, which we call Hummingbird

(HUM) and Point of Presence (POP). HUM was collected at AT&T from 01/16/99
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to 01/31/99. The total footprint of HUM consists of 76.9 GBytes with an aver-

age requested file size of 294 KBytes. POP was collected between 10/15/01 and

10/26/01 at the Federal University of Minas Gerais, Brazil. POP was filtered to

eliminate the proxy misses, leading to a total footprint of 39.4 GBytes and an

average requested file size of 17 KBytes.

5.5 Parameter Space Results

In this section we present the results of our parameter space exploration. We

break the evaluation into two parts: arrays of conventional disks and arrays of

two-speed disks. In each part, we start by analyzing workload characteristics and

later move on to file server characteristics. To study the effect of each parameter,

we assess the energy savings of the PDC, MAID, and FT-based versions of our

file server (in comparison to the energy-oblivious version, EO), as a function of

different settings for the parameter. To isolate the effect of a single parameter at

a time, all other parameters are fixed at their default values. Throughout this

section, we refer to the name of each technique and the server that exploits it

interchangeably.

The default values for our simulation parameters are listed in table 5.5. Note

that MAID-1+ is the MAID version of our file server that uses one extra disk as

cache; MAID-2+ assumes two cache disks. The “+” refers to the optimization

we made to MAID to avoid overloading the cache disk(s). The values for our

simulated hardware are based on our own real server hardware, except for the

main memory cache size. The values for the workload characteristics were chosen

because they are “reasonable” values that represent areas of the parameter space
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Description Default Value

Request rate * 750 reqs/s (36 MBytes/sec)
File popularity * 0.85

Coverage * 40%
Percentage of writes * 0%
Temporal locality * popularity-induced only

Trace length 19,000,000 requests

Main memory cache size * 1 GByte
Number of disks * 8 (PDC), 9 (MAID-1+), 10 (MAID-2+)

File size 48 KBytes
Total file system size 126 GBytes
Migration period * every 1/2 hour (PDC only)

Cache disks 1 (MAID-1+), 2 (MAID-2+)

Disk characteristics same as in tables 5.1 and 5.2

Table 5.5: Default parameters used in synthetic trace simulations: workload char-
acteristics (top), server settings (middle), disk characteristics (bottom). We vary
the parameters marked with “*”.

where PDC and MAID perform well. In particular, the default request rate

was set to half of the peak load we would expect for our real server. Common

provisioning practice suggests that a server should be provisioned such that its

peak load reaches 80% of its maximum throughput; the 20% extra capacity can

handle any unexpected increases in load. We followed these suggestions and

determined the maximum throughput of our server, 125 MBytes/sec, when all

file requests can be served from the main memory cache. Given that the load

peaks and valleys of servers deployed in the field can vary by factors ranging from

3 to 10 [23], our default request rate corresponds to a period of light load, exactly

when energy savings are possible. Previous works have made similar assumptions,

e.g., [21]. Nevertheless, we do vary the parameters marked with “*” in the table

in the next two subsections.
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Figure 5.1: Energy savings per file request rate (conventional disks).

5.5.1 Arrays of Conventional Disks

Figure 5.1 depicts the energy savings that can be accrued by the four versions of

our file server, as different average file request rates are imposed on the servers.

The energy savings are computed in comparison to EO.

As expected, low request rates show better energy savings. The maximum

savings are substantial, reaching almost 40% in the case of PDC. However, note

that non-trivial energy savings can only be achieved for very low request rates, less

than 100 requests/second. These request rates are less than 10% of our default

request rate. A file request rate of 25 request/second, for instance, is equivalent

to a throughput of only 1.2 MBytes/second. Even worse, when request rates are

very low, a significant percentage of requests is delayed by disk spin up operations.

Note also that the MAID systems actually produce negative energy gains, i.e.

they consume more energy than EO, across most of the space of request rates.

The reason is that the cache disks do not reduce the load on the non-cache disks

enough for them to be spun down; they are simply energy overhead.

These request rate and response time results clearly show that conventional
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Figure 5.2: Energy savings per file request rate (two-speed disks).

disks are not useful when the goal is to conserve energy without noticeable per-

formance degradation. When request rates are high, no energy savings can be

accrued. When request rates are low, requests are frequently delayed by disk spin

ups. These same negative effects are observed across the whole parameter space

of workload and file server characteristics, so we do not present further results for

arrays of conventional disks.

5.5.2 Arrays of Two-Speed Disks

Workload Characteristics

Request rate. Figure 5.2 depicts the energy savings that can be accrued by

the four versions of our file server, as a function of the file request rate. The

curve labeled “2spd” represents the version that uses two-speed disks, but no

data movement. All energy savings are computed with respect to EO running on

an array of conventional (Cheetah) disks.

Again, lower request rates show better energy savings. In fact, the maxi-

mum savings in comparison to EO are very substantial, reaching almost 60%,
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the energy differential between low and high speeds, for PDC and 2spd at 250

and 500 requests/second. In this part of the space, the MAID systems produce

lower savings due to the cache disks, which are unnecessary. The energy savings

decrease quickly as we increase the file request rate. At 750 requests/second, the

2spd and MAID-1+ systems stop producing energy gains, since all disks remain

in high speed virtually all the time. At that request rate, PDC and MAID-2+ still

produce gains of 30-40%, as data movement has the effect of reducing the load

on several disks. At 1000 requests/second, the gains achievable by both MAID

systems become negative, whereas PDC still produces gains of more than 10%.

For higher request rates, the PDC gains are reduced and approach 3% at 1250

requests/second.

These results demonstrate that PDC is more consistent and robust than other

techniques for the range of request rates that can actually provide energy savings.

PDC achieves the highest gains across the range, without ever consuming more

energy than EO. The behavior of the MAID systems is heavily influenced by the

number of cache disks used. Moreover, the overhead of cache disks is pronounced

on both ends of the range. 2spd does not provide gains in most cases.

In terms of response time, we find that all versions of our server exhibit less

than 2% delayed requests, regardless of the request rate. In fact, the percentage

of delayed requests is consistently very low for all except the most extreme (and

clearly unrealistic) of parameters for two-speed disks. For this reason and the fact

that network servers can accommodate substantial response time degradations,

hereafter we do not discuss response times.

File system coverage. Figure 5.3 presents the energy savings accrued by the

four servers, as a function of file system coverage. Recall that the default coverage
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Figure 5.3: Energy savings per file system coverage.

we consider in our other analysis is 40%. As expected, higher coverages mean that

disk loads increase and therefore the energy savings are reduced. On the other

hand, higher coverage also allows the Nomad FS file placement algorithm (MQ)

to place a larger number of files more intelligently in the array. As a result,

the energy savings accrued by PDC degrade gracefully. MAID-2+ also degrades

gracefully, since its two cache disks provide enough extra bandwidth at the default

request rate to compensate for increases in coverage. In contrast, MAID-1+

suffers severely with increasing coverage, as a result of the extra pressure on the

cache disk. When this disk becomes fully utilized, the non-cache disks also start

operating at high speed.

File popularity. Figure 5.4 depicts the energy gains for different values of the

Zipf coefficient (alpha). Alpha represents the file popularity as seen by the server,

not the disk subsystem. Recall that the default popularity we assume in our other

analysis is 0.85. The figure shows that all systems suffer as we decrease the pop-

ularity. The reason is that decreased popularity means lower main memory cache

hit rates, which yield higher disk loads. Furthermore, the PDC file migration
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Figure 5.4: Energy savings per file popularity.
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Figure 5.5: Energy savings per percentage of writes.

approach does not work as well when file popularity is decreased. Despite these

problems, PDC degrades more gracefully than MAID or 2spd; it provides en-

ergy gains for popularities as low as 0.6. MAID does not behave as well as PDC

because the files on its cache disks exhibit worse (popularity-induced) temporal

locality with decreased popularity. This increases the load on the cache disks.

When the cache disks become fully utilized, the traffic directed to the other disks

increases further, forcing all disks to operate at high speed. As a result, the MAID

systems consume more energy than EO for most of the parameter space.
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Figure 5.6: Energy savings per temporal correlation.

Percentage of file write operations. Figure 5.5 shows the effect of the per-

centage of writes on the energy savings provided by the servers we consider. Recall

that we have been considering read-only workloads by default. The figure shows

that the energy savings provided by the different techniques decrease slightly (if

at all) with increases in the percentage of writes. The reason for the slight de-

creases is that more writes increase the disk traffic when dirty blocks are evicted

from the main memory cache. In fact, in the MAID-based servers, writes can

cause even more traffic when dirty disk cache blocks have to be written back to

their corresponding non-cache disks.

Temporal correlation. Figure 5.6 shows the effect of temporal correlation on

the energy savings of the servers we consider. We compute the average number

of file accesses between two consecutive accesses to each file and compute the

overall average for all files. Recall that we assume no temporal locality besides

that induced by file popularity in our other analysis. For each curve in the figure,

this means the rightmost point.

We can see that all systems benefit from higher temporal correlation (i.e.,
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Figure 5.7: Energy savings per number of disks.

smaller average inter-access distance). The higher correlation increases the main

memory cache hit rate and reduces the load on the disk subsystem. This effect

is highly beneficial for 2spd. MAID has the added benefit that high temporal

correlation causes the cache disks to work more effectively. However, the MAID

systems have the energy overhead of the cache disks themselves. Again, PDC is

the most consistent and robust system across the parameter space.

File Server Characteristics

Number of disks. Figure 5.7 shows the energy savings of the different versions

of our server, as a function of the number of disks. The total storage size is not

changed, therefore simulations with more disks have fewer files per disk and do

not require additional cache disks for the MAID systems. Recall that the default

number of disks we assume in our other analysis is 8 for PDC and 2spd, 9 for

MAID-1+, and 10 for MAID-2+.

We can see that increasing the number of disks increases savings quite signif-

icantly, as one would expect. The smaller set of accesses directed to each disk
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allows all disks to operate at low speed. Note also that the energy overhead of

cache disks is better amortized in larger array configurations. However, if we had

assumed the number of cache disks to increase proportionally to the number of

regular disks, we would have seen overheads of around 10% and 20% for the two

MAID systems in these large configurations.

Main memory cache size. Figure 5.8 considers the effect of main memory

cache size. Recall that the default size of the memory cache we assume in our

other analysis is 1 GByte.

Cache size increases produce significant benefits for all servers. With caches

of 5 GBytes or larger, both PDC and 2spd approach the maximum achievable

energy savings of 60%, since the cache miss rate becomes so low that all disks

start to operate at low speed. The MAID systems also benefit from larger main

memory caches, but settle at lower energy savings with very large caches.

Migration frequency. Figure 5.9 shows the effect of changes in the migration

period in Nomad FS. Recall that the default migration period we assume in our

other analysis is every 1/2 hour. For very short migration periods, there may not

be enough time to complete the migrations until the next round of migrations

needs to start. In these cases, we simply stop the current migration process

midway and start the next. Since MAID and 2spd do not involve migrations, we

plot their energy gains as horizontal lines for comparison.

From the figure we can see that the frequency of migrations has a substantial

impact on the gains achieved by PDC. With longer periods, PDC takes longer

to adjust to access patterns. It is also interesting to note that short migration

periods provide slightly higher energy savings than our default setting. The reason

is that the energy cost of file placement changes is a small fraction of the energy
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Figure 5.8: Energy savings per main memory cache size.
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Figure 5.9: Energy savings per reconfiguration period.

consumed in between migrations. However, these shorter periods also come with

substantial increases in the percentage of delayed requests, due to the intense file

migration traffic.

5.6 Real Trace Results

The results so far have assumed synthetic traces and exponential request arrivals

with a fixed mean arrival rate. In this section, we study real traces that exhibit

pronounced load intensity variations, with load peaks in the afternoon and valleys
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Description HUM POP

Avg. request rate 241 reqs/sec 263 reqs/sec
Coverage 100% 100%

File popularity 0.70 0.93
Percentage of writes 35% 0%
Temporal correlation 467280 reqs 94568 reqs

Cache size 1 GByte 64 MBytes
Migration period 672 minutes 168 minutes

Table 5.6: Parameters of real traces and server settings. Request rate values
correspond to the accelerated traces. Migration periods correspond to one week
in the non-accelerated traces.

Technique HUM POP

PDC Energy 1472438 J 147332 J
MAID-1+ Energy 1605547 J 170232 J
MAID-2+ Energy 1700585 J 181815 J

2spd Energy 1538228 J 160114 J

PDC Delayed 5.3% 8.0%
MAID-1+ Delayed 14.3% 8.5%
MAID-2+ Delayed 11.2% 8.1%

2spd Delayed 6.0% 7.6%

Table 5.7: Real trace results: energy and percentage of requests delayed.

at night. Note however that we accelerated the traces by factors of 15 (HUM)

and 60 (POP), because even the peak loads in the original traces are relatively

low for our disk array.

We simulate a tight coupling between the file server and the network server;

the file server forms the “bottom half” of the network server on a single machine.

We assume a “warm up” period corresponding to one week of the original, non-

accelerated traces. Table 5.6 lists the characteristics of the traces and server

settings with respect to the parameters we just explored. All simulations assume

two-speed disks and 8 (PDC), 9 (MAID-1+), or 10 (MAID-2+) disks in the array.

Table 5.7 lists the energy and percentage of requests delayed (by more than



82

200 milliseconds) for each technique and trace after their warm up periods. EO

consumes 2022095 J (HUM) and 256745 J (POP) with virtually no delayed re-

quests.

These results confirm the main observations of the previous section, i.e. under

light load, PDC conserves a significant amount of energy (27% for HUM and 43%

for POP) while the cache disks in MAID reduce energy gains. The one exception

is that 2spd conserves more energy than both MAID systems. 2spd performs

well because, throughout most of the traces, the disk load is low enough that all

disks can be at low speed. This characteristic makes these traces ideal for 2spd.

Despite these good results, PDC still conserves more energy than 2spd (14% more

for HUM and 13% more for POP) without an increase in the percentage of delayed

requests.

Note also that the percentage of delayed requests is higher than in our pa-

rameter space exploration. The main reason for these results is that, going from

each valley to the next peak, disk loads increase very quickly in the accelerated

traces. Under this scenario, disk contention develops until the two-speed disks

can transition to high speed. This should not be a problem in practice however,

since load variations are substantially slower in real time.

5.7 Conclusions

We have introduced a new energy conservation technique called PDC for disk ar-

rays. We have also designed and implemented an energy-aware file server called

Nomad FS that exploits this technique. For comparison, we developed two ver-

sions of our server that use other energy conservation techniques, MAID and FT.
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Using a validated simulator, we performed a comprehensive study of the param-

eters that affect energy conservation the most, pinpointing the scenarios under

which each technique is useful, for disk arrays composed of either conventional or

two-speed disks. The study allowed us to map the areas of the parameter space

for which no technique can conserve energy. We also studied the behavior of the

different techniques for two real traces.

In summary, we found that it is possible to conserve a substantial amount

of energy during periods of light load on the server, as long as two-speed disks

are used. We have also found that Nomad FS can deal more gracefully with

increases in request rate and decreases in file popularity than the other servers.

In addition, PDC achieved consistent energy savings for most of the parameter

space. However, the PDC gains degrade substantially for long migration intervals.

In comparison, the behavior of MAID is heavily dependent on the number of cache

disks used. Furthermore, the energy overhead of these disks is pronounced in

several parts of the parameter space. For the real traces, PDC achieved the best

results, confirming the observations from the synthetic traces. We also showed

that using two-speed disks without data movement behaves well when real disk

loads remain light most of the time.

Based on these results, we conclude that the techniques we study will be

very useful for disk array-based network servers when multi-speed disks become

available.

Further research is required on the reliability implications of PDC. In fact,

it is clear that PDC negatively affects the reliability of conventional disks due

the large number of power mode transitions it causes. However, we have shown

that PDC is not useful for conventional disks anyway. For multi-speed disks, we
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expect PDC to have a negligible impact on reliability. The reason is that real

network server workloads (which exhibit load peaks in the afternoon and valleys

at night) should induce at most two speed transitions/disk/day in the presence

of PDC.

Another interesting research issue is the interaction of PDC with storage sys-

tem reliability approaches, such as mirroring and RAID. Extending Nomad FS

to deal with mirroring should be easy, but combining PDC with data striping

can be more challenging. We address both reliability and redundancy in PDC in

chapter 6.

Finally, our parameter space exploration and experience with real traces sug-

gest that PDC is highly sensitive to the length of the migration period and the

estimation of the load to be imposed on disks after migrations. Another research

topic is how to make Nomad FS automatically determine the best settings for

these parameters.
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Chapter 6

Diverted Accesses

In this chapter, we propose Diverted Accesses, a novel technique that exploits re-

dundancy to conserve energy in storage servers. To fully understand and analyze

the proposed technique, we develop mathematical models that estimate energy

conservation for several previously-proposed algorithms. The models also esti-

mate storage availability and performance, as a function of the its design and

energy algorithm used.

Previously-proposed energy-conservation techniques are oblivious to redun-

dancy and the effect of the energy techniques on service availability and perfor-

mance. Redundancy is present in all practical storage systems, since it is mostly

through redundancy that these systems achieve high reliability, availability, and

throughput. Redundancy is typically implemented by replicating the “original

data” (as in mirrored disk arrays, cluster-based storage systems [72], or wide-area

storage systems [36, 89]) or by storing additional information that can be used

to reconstruct the original data in case of disk failures (as in RAID-5 or erasure-

code-based wide-area storage systems [43, 62]). We refer to the replicas and the

additional information as “redundant data”.

Our approach is to leverage this redundancy to conserve disk energy. In

particular, we propose a technique called Diverted Accesses that segregates the

original and the redundant data on different disks. We refer to these disks as
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original and redundant disks, respectively. The segregation allows the system to

concentrate the requests on the original disks, leaving the redundant disks idle

most of the time. During these idle periods, the disks can be sent to low-power

mode to conserve energy. The redundant disks only need to be activated in three

cases: (1) when the demand for disk bandwidth is high; (2) when one or more

disks fail; and (3) periodically to reflect changes made to the original data. In this

last case, the writes to the original disks need to be logged until the corresponding

redundant disks are activated.

Because the benefits of our technique vary with the amount and type of re-

dundancy built into the system, our evaluation analytically quantifies the effect of

redundancy on several system characteristics, including disk energy consumption

and the potential of different techniques to conserve energy. More specifically, we

develop energy models for Diverted Accesses and previous redundancy-oblivious

techniques, and couple them with well-known models of reliability, availability,

and throughput. Our modeling results show that Diverted Accesses can provide

substantial energy savings across a wide range of redundancy, request rate, and

write percentage parameters. Other techniques are only useful in small parts of

this parameter space.

Designers can use our models to determine the best redundancy configura-

tion for new storage systems. Our approach is to select the configuration that

achieves the required throughput, reliability, and availability but consumes the

least amount of energy. Our results show that non-intuitive redundancy configu-

rations are often the best ones when all metrics are considered.

Finally, to validate our analytical models and demonstrate the use of our tech-

nique in practice, we simulate a storage system based on PAST [89], a peer-to-peer
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system with data replication, under two realistic access traces. Our simulation

results show that a PAST system using Diverted Accesses can reduce disk energy

consumption by 20-61%. These results are close to those predicted by our models.

We conclude that considering redundancy can provide significant disk energy

savings beyond those of previous techniques. Furthermore, we conclude that

designing a storage system requires quantifying several metrics, which are all

affected by the redundancy configuration. Our models are key in this design

process.

6.1 Background

Our work builds upon previous research on redundancy approaches, disk energy

conservation, and storage system design. Next, we discuss each of these topics in

turn.

6.1.1 Redundancy

Redundancy is typically implemented in storage systems through replication, par-

ity schemes, or erasure codes. These methods can be defined in terms of their

redundancy configurations by (n, m) tuples, where each block of data is striped,

replicated, or encoded into n fragments, but only m fragments (m ≤ n) are needed

to reconstruct the data. For instance, a RAID 1 storage system is represented

by (n = 2, m = 1), since there are two copies of each block of data but only one

copy is enough to reconstruct the block.

Several papers have considered the properties of these different redundancy

approaches, e.g. [7, 15, 103]. Replication typically requires more bandwidth
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and storage space than the parity schemes. However, parity schemes can only

tolerate small numbers of concurrent failures; they do work well for small to

moderately sized disk arrays. Erasure codes require less bandwidth and storage

than replication (for the same levels of reliability and availability), can tolerate

more failures than parity schemes, but involve coding and decoding overheads.

Contributions. Our work complements these previous studies as we consider

the impact of redundancy configuration on disk energy consumption and disk

energy conservation techniques.

6.1.2 Disk Energy Conservation

Several techniques have been proposed for disk energy conservation in storage

systems. We compare Diverted Accesses to several of these techniques, explained

previously in chapter 3. To recap, we divided the techniques into threshold-

based and data-movement techniques. The threshold-based ones we study in

this chapter are Fixed Threshold (FT) and Oracle. The data-movement tech-

niques we study are Massive Array of Idle Disks (MAID) and Popular Data

Concentration (see chapter 5). When comparing these techniques to Diverted

Accesses, we study both FT and Oracle as their primitive power-management

technique.

Contributions. Our work introduces Diverted Accesses, the first disk energy

conservation technique to explicitly leverage redundancy. Further, our work

presents energy models for FT, Oracle, MAID, PDC, and Diverted Accesses that

take redundancy configurations into account, and a case study of the application

of Diverted Accesses in the context of the PAST storage system. The energy

models build on our previous experience with accurately measuring and modeling
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energy conservation techniques for disk drives [21, 51, 53, 52] and disk arrays [85].

6.1.3 Storage System Design

The literature on system design and resource allocation approaches based on

utility functions and behavior models is extensive. Here, we focus solely on ap-

proaches that have targeted storage systems or that have considered energy as

well as more traditional metrics.

Anderson et al. [3] proposed Ergastulum, a tool that quickly evaluates the

space of possible data layouts and storage system configurations and finds a near-

optimal design. Ergastulum takes a workload description, user-specified con-

straints, and an optimization goal as inputs. The goal is typically to minimize

the cost of the storage system in terms of the price of hardware. Ergastulum

uses performance models to determine whether a potential design is acceptable.

Minerva [1] is similar but not as efficient as Ergastulum. Hippodrome [2] uses

Ergastulum to adjust the design of the storage system as a result of dynamic

changes in the workload.

Chase et al. [23], as discussed previously, have proposed a market-based re-

source allocation framework that dynamically tries to maximize the profits gener-

ated by shared hosting centers. Their framework includes the revenues created by

dedicating resources to different services, the penalties for violating service-level

agreements, and the cost (e.g., electricity) of the resource allocations.

Heath et al. [49, 50] have proposed a system that dynamically reconfigures

heterogeneous server clusters to conserve energy. Their system makes decisions

based on a description of the expected workload, models of throughput and power

consumption, and the offered load at each point in time. Their goal is typically
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to consume the least energy per request without degrading performance.

Contributions. We extend the previous work on Ergastulum, Minerva, and

Hippodrome by considering the reliability, availability, and energy consumption of

different designs. Since we only focus on selecting the redundancy configuration

(n, m), our space of possible designs is much more constrained than in these

systems. For our purposes, an exhaustive search algorithm works fine.

We extend the previous energy work by considering storage systems, a wider

range of behavior models, and different techniques for conserving disk energy.

6.2 Diverted Accesses

Our approach to reducing energy consumption in storage systems leverages their

redundancy. The key observation is that the redundant data is only read un-

der two scenarios: (1) during periods of high demand for disk bandwidth, to

increase performance; and (2) when disk failures occur, to guarantee reliability

and availability.

Given this observation, it is clear that the redundant data need not be readily

accessible at all times. For example, storage systems used for data backup exhibit

long periods of low read loads during the day in between periods of intense write

activity at night. As another example, regular file system activity in engineering

environments is high during the day and low at night. Regardless of the type of

storage system, if one or more disks fail, the only redundant data needed is that

corresponding to the failed disks.

Unfortunately, current storage systems cannot take advantage of these char-

acteristics to conserve disk energy. Our Diverted Accesses technique addresses
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this limitation by segregating the original data from the redundant data onto dif-

ferent subsets of disks: original and redundant disks, respectively. Even when all

fragments contain redundant information, i.e. no fragment is strictly “original”,

we can still store m fragments of each block on a subset of the disks, which would

act as the original disks.

The goal is to keep redundant disks in low-power mode during periods of light

and moderate offered disk load. We define the load as high when the set of original

disks is not enough to provide the required disk bandwidth. More specifically,

the handling of reads and writes depends on the offered load as follows:

• Reads are directed to the original disks only, unless the offered load is high

enough that redundant disks need to be activated to help service it.

• Writes are performed on both the original and redundant data, when the

load is high. When the load is light or moderate, writes are directed to the

original disks and only propagated to the redundant disks periodically.

The handling of writes under light and moderate loads deserves further dis-

cussion, as it involves an interesting tradeoff between reliability and energy con-

servation. Updating the redundant data on all writes would promote reliability

but prevent energy conservation for workloads with a non-trivial fraction of write

accesses. Buffering these writes in memory for long periods would promote energy

conservation but harm reliability. Our solution is to buffer writes to redundant

data long enough to prevent frequent power-mode transitions but not any longer;

only the data written during these short periods has a lower reliability. For sys-

tems that cannot accept this short window of lower reliability for a fraction of
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their data, we can buffer these writes in non-volatile memory in single-node stor-

age systems or multiple memories in distributed storage systems. In fact, in a

distributed storage system with multi-disk nodes, we could also buffer writes on

one of the disks at each node. Section 6.5 addresses this tradeoff in more detail.

Despite this buffering, Diverted Accesses does pose a problem for parity-based

storage systems in the presence of “small writes”. For example, applying Diverted

Accesses to RAID 5 would transform it into RAID 4. The bandwidth require-

ments of the parity disk in RAID 4 may degrade performance under small writes.

Thus, the designer needs to understand the characteristics of the workload before

applying Diverted Accesses in parity-based systems.

Finally, note that we focus solely on disk energy conservation in this paper.

However, Diverted Accesses can be applied to entire servers in a distributed stor-

age system. In this case, we could accrue energy savings by sending memories,

processors, or even the entire nodes to low-power mode as well. Considering other

components would magnify our potential savings, so we plan to address this issue

in our future research.

6.3 Designing Real Systems

In this section, we present well-known models for reliability, availability, and

performance. Using these models along with our energy models, we can select

the best redundancy configuration for new storage systems.
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6.3.1 Reliability and Availability

In terms of reliability, we assume that disks lose or damage the data they store

(e.g., due to a permanent mechanical drive failure) independently with probability

1 − r, where r is the reliability of each disk. In terms of availability, we assume

that disks become temporarily unavailable (e.g., due to a loose SCSI cable or a

period of offline maintenance) independently with probability 1 − a, where a is

the availability of each disk.

Given these assumptions, the models that quantify reliability and availability

as a function of the redundancy configuration (n, m) are very similar [94]. Equa-

tion 6.1 is the availability model when at least m fragments must be available

upon a disk access. The reliability model is the same, except that a is replaced

by r.

A =
n−m
∑

i=0









n

i









an−i (1 − a)i (6.1)

The value of A is typically close to unity in highly available systems. For this

reason, availability is often referred to in terms of the number of nines after the

decimal period. For example, A = 0.999 means three nines availability or about

9 hours of unavailability per year. Because disk reliability is substantially higher

(by multiple nines) than disk availability, we do not consider reliability further in

this paper.



94

6.3.2 Performance: Throughput

Our performance model is the aggregate maximum throughput of the disks in the

system, given a fixed configuration. Recall that the number of disks is a function

of the redundancy configuration, N = Dn/m.

The maximum throughput is defined by the redundancy configuration and the

total disk bandwidth for the workload at hand:

fragSize = blockSize/m

delay = S + R + fragSize/X

width = fragSize/delay

widthr = N × width

widthw = N × width(m/n)

P = totalBW = pwwidthw + (1.0 − pw)widthr

(6.2)

where blockSize is the maximum between the block size exported by the storage

system interface and the weighted mean of a distribution of request sizes (each size

being a multiple of the block size); fragSize is the size of each fragment; widthr

and widthw represent the effective bandwidth for reads and writes, respectively; as

previously defined, S, R, and X are the average seek time, the average rotational

delay, and the disk transfer rate, respectively; and pw is the probability of writes.

Note that the definition of fragSize may have to be changed for storage systems

that exhibit fixed fragment size, e.g. in RAID 5, fragSize = stripeSize.

These equations apply to all energy conservation techniques, even though

disks that are in low-power mode limit the maximum throughput of the system.

However, all techniques activate all disks when the offered load requires it.
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6.3.3 Putting It All Together

Determining the best redundancy configuration for a storage system involves

meeting its storage capacity, availability, and throughput requirements for the

least amount of energy. More specifically, we need to explore the space of poten-

tial configurations (n, m) and energy conservation techniques, trying to minimize

energy (or average power), subject to the constraints on storage capacity, avail-

ability, and throughput. Given the relatively small search space of n ∗m possible

configurations, for example in n ∈ [1..16] and m ∈ [1..16], the problem becomes

easy to solve by enumeration (and modeling, of course).

6.4 Modeling Energy

We model block-based storage systems comprised of identical disks. These disks

may be attached to one or more servers, but our models are independent of such

configuration issues. Besides the main characteristics of the disks, the main inputs

to our models are the redundancy configuration (n, m) and the percentage of read

and write accesses in the workload. We demonstrate that the models are very

accurate in Section 5.5.

6.4.1 Overview

We define D as the number of disks required to store the data without any

redundancy. Given a redundancy configuration, we define N , the number of

required disks to store all data (original plus redundant), N(n, m) = (n/m)D.

For simplicity, we refer to N instead of N(n, m).

Each disk has a power consumption of Ph Watts when powered on and ready
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to service requests (high power mode) and Pl when in standby mode, not able

to service requests (low power mode). (Note that most high-performance, server-

class disks – typically SCSI drives – do not offer more than one power-saving

mode.) A disk spin up takes time Tu and energy Eu, whereas a disk spin down

takes time Td and energy Ed. A full transition from high-power mode to low-

power mode and back to high consumes Tt = Td + Tu time and Et = Ed + Eu

energy.

Each request to the storage system is assumed to have size blockSize. In-

ternally, disk data is accessed in fragments of size fragSize, which is defined as

blockSize/m. On each access, the disks take time S to seek to the appropriate

track and time R to rotate to the desired sector. A fragment of data is transferred

at a nominal rate X. We do not model the energy consumed by disk accesses,

since previous works have demonstrated that it is a small fraction of the overall

disk energy, even in busy systems [45, 46].

As in previous works [45], we only model the request traffic that reaches

the storage system (i.e., beyond any main memory caches) and assume that

request inter-arrival times are drawn from a Pareto distribution with average

1/requestRate, even though our models work with any distribution. Block re-

quests can be reads or writes with probabilities 1 − pw and pw, respectively.

To estimate energy (average power) we do the following:

1. Draw a request inter-arrival time t;

2. For each energy conservation technique, calculate the average idle time per

disk, based on the inter-arrival time;

3. For each energy conservation technique, estimate the average power (as a
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proxy for energy) for this idle time based on the underlying power manage-

ment mechanism (FT or Oracle) and any other technique-specific parame-

ters;

4. Repeat three previous steps until enough samples have been drawn to allow

the average inter-arrival time to converge to 1/requestRate;

5. Compute the overall average power of each technique by dividing the sum

of the average powers by the number of inter-arrival times drawn.

Note that each inter-arrival time t we draw in step 1 above does not represent

a single disk access. Rather, it represents a steady-state period in which requests

arrive uniformly with interval t and access disks in round-robin fashion. Our goal

here is to model workloads as comprised by phases during which a large number

of clients produce request rates at the storage system that are approximately con-

stant. (Without these assumptions, it would have been difficult if not impossible

to derive closed forms for our models.) The validation results of Section 6.6 show

that our models are accurate, despite these assumptions.

Table 6.1 summarizes the model parameters and their meanings for easy ref-

erence.

6.4.2 Energy Conservation Techniques

We model six different energy conservation techniques: Fixed Threshold (FT),

Oracle adaptive (Oracle), Popular Data Concentration (PDC), Massive Array of

Inexpensive Disks (MAID), Diverted Accesses (DIV), and a technique combining

PDC and DIV (PDC+DIV). We compute the energy savings of each technique
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Symbol Description

D Number of required disks without redundancy
N Number of required disks with redundancy
Ph Disk power in high-power mode
Pl Disk power in low-power mode
Tu Time to transition to high-power mode
Td Time to transition to low-power mode
Tt Time to transition down and up again
Et Energy to transition down and up again

blockSize Size of blocks
fragSize Size of fragments

S Average disk seek time
R Average disk rotation time
X Disk transfer rate

requestRate Arrival rate of block requests
pw Probability of block write requests

Dmaid Number of cache disks (MAID)
mmaid Miss rate of cache disks (MAID)

β Disk popularity coefficient (PDC)
c Storage system coverage (PDC)

wbSize Size of write buffer (DIV)
batchSize Size of write batches (MAID+DIV)

Table 6.1: Summary of model parameters and their meanings.

with respect to an energy-oblivious (EO) system that keeps all disks at Ph at all

times.

FT. In FT, disks are transitioned to low-power mode after an idleness threshold

T . We set T to the break-even time, i.e. T = Et/(Ph −Pl). For each inter-arrival

time t, we can approximate the idle time per disk I as:

Nt

npw + m(1 − pw)
(6.3)

Since the average number of disk accesses per second is (npw + m(1− pw))/t,

the idle time at each disk is simply the inverse of the access rate times the number

of disks.
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Figure 6.2: Third scenario: T ≤ I < T + Tu.
Accesses arrive at times A, B, and C. Accesses
are actually performed at times A, B’, and C.

The average power for each idle time is then defined by the three cases below:

PhN, I < T

(TPh + (I − T − Tt)Pl + Et)N/I, I ≥ T + Tu

((I − Tu + T )Ph + (I − T − Td)Pl + Et)N/(2I), otherwise

(6.4)

The otherwise case above represents all other possibilities not included previ-

ously, i.e. T ≤ I < T + Tu. To avoid more cases, our modeling extends idle times

that end during a transition to low-power mode until the end of the transition.

More intuitively, the top equation represents the scenario in which idle times

are too short and do not trigger a transition to low-power mode. The energy

is simply that of all disks on, so the average power will be PhN . The middle

equation represents the scenario in which there is enough time for the disks to

transition to low-power mode, perhaps spend some time in low-power mode, and

transition back. In this case, all idle times except the first are effectively reduced

by the spin up time. Figure 6.1 illustrates this scenario. The figure shows accesses

arriving at times A, B, and C; actual disk accesses occur at times A, B’, and C’.

Note that, after the first idle time, the behavior between B and C will consistently

be repeated while this idle time is in effect. Thus, we use the period between B

and C in computing the average power. The last equation represents the scenario
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in which there is not enough time for the full transition to and from low-power

mode. In this case, the next idle time is shortened to a point that no power-mode

transitions can happen. Figure 6.2 illustrates this scenario. The behavior between

A and C will be consistently repeated while this idle time is in effect. For this

reason, we use the entire period (two idle times) in computing the average power.

Oracle. In the Oracle technique, there is no need to wait for T before going to

low-power mode; Oracle simply spins the disk down when the next idle time is

longer than T . The disk can be spun back up so that it will be ready exactly

when the next request arrives. Idle times are computed exactly like in FT. In

terms of energy, only two cases apply: when the idle time will payoff in terms of

energy savings (I ≥ T ) or when it will not (I < T ). Therefore, the average power

consumption of Oracle for each idle time is given by:

PhN, I < T

((I − Tt)Pl + Et)N/I, I ≥ T

(6.5)

MAID. In this strategy, Dmaid extra disks are used to cache recently-accessed

files. Upon each block request, if the block is not yet on one of the cache disks,

the corresponding fragments are accessed at the non-cache disks and also copied

to one of the cache disks. To avoid high latencies, requests may bypass the cache

disks during periods of high load. Thus, the maximum throughput of a MAID

system is that of N +Dmaid disks. In terms of energy, this high load scenario leads

to extremely short idle times and an average power of (N + Dmaid)Ph. Below, we

model MAID under light and moderate loads.

Modeling MAID requires knowledge of the temporal locality of accesses to

files. As an approximation, we assume that we know the fragment cache miss
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ratio mmaid of the cache disks. We can then estimate the idle times of the cache

disks and the non-cache disks. To conserve energy, we can leverage the cache

disks to accumulate the writes to a non-cache disk until a cache disk miss (a

read) accesses it. At that point, the accumulated writes can be performed on the

non-cache disk. This approach promotes energy conservation at the cost of lower

reliability.

We need to calculate two distinct idle times: for the MAID caches (Icache) and

for the non-cache disks (IN).

Icache = (Dmaidt)/((npw) + (m(1 − pw)))

IN = (Nt)/(m(1 − pw)mmaid)

(6.6)

The average power consumed by the cache disks can be computed as in FT

(equations 6.4), except that we need to replace Icache for I and Dmaid for N . The

average power of the non-cache disks can also be computed using those equations,

as long as we replace IN for I. The overall average power is the sum of the cache

and non-cache powers.

Note that our modeling of MAID is simplistic. In the extreme cases in which

there are no read accesses (pw = 1) or all read accesses hit the cache disks

(mmaid = 0), the idle time of the non-cache disks is modeled as infinite. In

other words, we assume the cache disks to have infinite write buffering capacity.

Further, we assume that the energy spent in copying data to the cache disks is

negligible. Our goal with these simplifications is to provide an upper bound on

the energy conservation potential of MAID.

PDC. Like FT, Oracle, and MAID, the original PDC proposal [85] did not con-

sider redundancy explicitly. However, unlike the other techniques, PDC can hurt
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reliability significantly if it is applied to all fragments arbitrarily.

To avoid this problem, we modify PDC to migrate data in such a way that

the n fragments of each block remain on different disks. Over time, the most

popular fragments would then be stored on the “first” set of n disks, the second

most popular fragments would be stored on the “second” set of n disks and so

on.

In order to model PDC, we need to introduce the notions of disk popular-

ity and file system coverage. Previous research has shown that the popularity

distribution of various Web and network workloads follows a power law [12]. In

particular, Zipf’s power law with coefficient α to describe the popularity of files.

Zipf’s law states that the probability of a file being accessed is proportional to

1/rα, where r is the rank (popularity) of the file and α is the degree of skewness

of popularity. For example, when α = 0, all files are equally likely to be accessed.

The larger α is, the more heavy-tailed the distribution is. Based on a similar

idea, we use Zipf’s power law with coefficient β to describe the popularity of the

groups of n disks in steady state, i.e. when all fragments have been migrated to

their best locations.

File system coverage represents the percentage of blocks that are actually

accessed in a given period of time (a day, a week, or the length of a workload).

To compute the idle times, we need to take the disk popularity and the cov-

erage c into account. We do so using an “idleness weight” w for each set i of n

disks:

wi = (Nc/n)



1 −
1/iβ

∑dNc/ne
j=1 1/jβ



 (6.7)
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The idleness weight of a group of disks ranges from 0 to Nc/n and is pro-

portional to the fraction of accesses that is not directed to the group. In other

words, the most popular group will have a weight that tends to 0, whereas the

least popular group will have a weight that approaches Nc/n.

These weighting factors can be used to weight the idle time I from equation

6.3 in computing the average power consumed by the disks for each idle time in

PDC:

dNc/ne
∑

i=1























wiPhn, Iwi < T

(TPh + (Iwi − T − Tt)Pl + Et)n/I, Iwi ≥ T + Tu

((Iwi − Tu + T )Ph + (Iwi − T − Td)Pl + Et)n/(2I), otherwise

(6.8)

Our modeling of PDC is optimistic for three reasons. First, our coverage

parameter assumes that all write accesses are updates of existing data, rather than

writes of new data. Second, we assume the energy consumed in data migration

to be negligible. Third, due to the complexity of the its data layout, PDC is

essentially impractical in the presence of redundancy; it would be very hard to

implement in single-node storage systems, and even harder in distributed storage

systems. Nevertheless, our goal is to compute an upper bound on the potential

benefits of PDC.

DIV. Diverted Accesses stores the original data on D disks and the redundant

data on R = N − D disks. The redundant disks can be sent to low-power mode,

until they are required for reliability or to provide higher bandwidth under high

load. Again, idle times are short under high load, leading to an average power

consumption of NPh. Next, we model DIV under light and moderate loads.

First, we compute the idle times on the original disks, ID:
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ID =
Dt

m
(6.9)

Note that all (read and write) requests translate into accesses to the D disks.

Writes are also buffered, so the expected idle time on the redundant disks (IR) is

the expected time for the write buffer to fill up times R.

IR =
Rt ∗ wbSize

blockSize ∗ (n − m)pw
, (6.10)

such that wbSize ≥ blockSize.

With these idle times, the average power for DIV can be computed as the

sum of the power consumed by the original and the redundant disks. These

average powers can be computed the same way as in FT (equations 6.4) with

minor differences. For the original disks, the average power is:

PhD, ID < T

(TPh + (ID − T − Tt)Pl + Et)D/ID, ID ≥ T + Tu

((ID − Tu + T )Ph + (ID − T − Td)Pl + Et)D/(2ID), otherwise

(6.11)

For the redundant disks, the average power is:

PhR, IR < T

(TPh + (IR − T − Tt)Pl + Et)R/IR, IR ≥ T + Tu

((IR − Tu + T )Ph + (IR − T − Td)Pl + Et)R/(2IR), otherwise

(6.12)

MAID+DIV. MAID can be combined with DIV. In MAID+DIV, the idea is to

place a few cache disks in front of DIV-structured disks. Dmaid extra disks are
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used to cache recently accessed blocks like in MAID, whereas the D + R = N

non-cache disks are organized as in DIV.

Given the extra cache disks, we can accumulate writes aggressively on them,

as in MAID. The writes are propagated to the non-cache disks on read misses on

the cache disks (original disks) or periodically in a large batch (redundant disks).

The resulting idle times, Icache, ID, and IR, for MAID+DIV are calculated as

follows:

Icache = (Dmaidt)/((npw) + (m(1 − pw)))

ID = (Dt)/(m(1 − pw)mmaid)

IR = (Rt ∗ batchSize)/((n − m)pw ∗ blockSize),

(6.13)

such that batchSize ≥ blockSize.

The average power consumed by the cache disks in MAID+DIV is computed

as in MAID, whereas the average power of the non-cache disks is computed as in

DIV. The overall average power is the sum of these components, as the energy

used by data copying is assumed negligible.

PDC+DIV. Here, we combine PDC with DIV. The idea is to segregate original

and redundant fragments and only migrate the original ones according to pop-

ularity. Migration is performed in such a way that the m fragments remain on

different disks. Over time, the most popular fragments would then be stored on

the “first” set of m original disks, the second most popular fragments would be

stored on the “second” set of m original disks and so on.

Due to the concentration of accesses, the computation of the idle times uses

idleness weights w (just as our modeling of PDC) for each group i of m original

disks:
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wi = (Dc/m)



1 −
1/iβ

∑dDc/me
j=1 1/jβ



 (6.14)

These weighting factors can be used to weight the idle time ID from equation

6.9 in computing the average power consumed by the original disks for each idle

time in PDC+DIV, according to the cases below.

dDc/me
∑

i=1































wiPhm, IDwi < T

(TPh + (IDwi − T − Tt)Pl + Et)m/ID, IDwi ≥ T + Tu

((IDwi − Tu + T )Ph + (IDwi − T − Td)Pl + Et)m/(2ID), otherwise

(6.15)

The average power consumed by the redundant disks can be computed ex-

actly as in DIV. The overall average power is the sum of these two original and

redundant powers. Again, we assume all writes to be updates to existing data

and the energy of data migration to be negligible.

6.5 Modeling Results

In this section, we present our modeling results for a wide range of parameters.

Specifically, we analyze the tradeoffs between different (n, m) configurations, in

terms of energy, availability, and performance. Because the parameter space

has at least 5 dimensions – n, m, energy, availability, and performance –, it is

impossible to visualize it all at the same time. Thus, we plot 2-D graphs showing

the interesting parts of the space.

We computed the energy results in this section using a synthetic workload
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Figure 6.3: Availability and throughput for n =
16.
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Figure 6.4: Availability and throughput for m =
1.

generated as follows. We draw 10,000 inter-arrival times from a Pareto distribu-

tion with a default average of 64 requests per second and an infinite variance.

Requests are for 8-KB blocks. The disk parameters are based on the IBM 36Z15

Ultrastar model. Table 6.2 summarizes the default parameter values we used.

Although we study a wide range of parameter values, we carefully selected the

default values for the workload-related parameters. In particular, the defaults for

requestRate and pw lie in the middle of the range created by our two realistic

access traces (see Section 6.6). Further, we selected the default for Dmaid based

on simulations of the cache disk miss rate under our traces; 0.1N cache disks leads

to the best tradeoff between miss rate and number of disks for our traces. The

default value for mmaid lies in the middle of the range created by our two traces

for the default number of cache disks. Our traces do not include information

about coverage, so we arbitrarily chose 70% as its default value but quantify the

effect of changes in this parameter explicitly. Finally, we do not have definitive

information about β either; we set it to 1.0, but have found through extensive

tests that this parameter has a negligible impact on the energy gains achieved by

PDC and PDC+DIV.
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Parameter Default Value

Request Rate (requestRate) 64 reqs/sec
Write Ratio (pw) 33%
Disk Popularity (β, PDC) 1.0
File System Coverage (c, PDC) 70%
# MAID Cache Disks (Dmaid) 0.1N
MAID Fragment Miss Ratio (mmaid) 40%
MAID+DIV Batch Size (batchSize) 1 GB
DIV Write Buffer Size (wbSize) 4 MB

Block size (blockSize) 8 KB
# Disks without Redundancy (D) 64
# Disks with Redundancy (N) Varies

Disk availability (a) 0.99
High Power (Ph) 10.2 W
Low Power (Pl) 2.5 W
Avg. Seek Time (S) 3.4 ms
Avg. Rot. Time (R) 2.0 ms
Transfer Rate (X) 55.0 MB/sec
Idleness Threshold (T ) 19.2 secs
Spin up Time (Tu) 10.9 secs
Spin down Time (Td) 1.5 secs
Energy transition down+up (Et) 148.0 J

Table 6.2: Configurable parameters and their default values.

6.5.1 Availability and Throughput

Figures 6.3 and 6.4 show the modeled maximum throughput (Y-axis on the left)

and availability (Y-axis on the right) of the system for different redundancy con-

figurations. As throughput is dependent on the probability of writes, the fig-

ures show results for three different workloads. Availability is presented as the

number of nines; we cut the curves at 7 nines, which means 3 seconds of down

time per year. Figure 6.3 varies m for n = 16, whereas figure 6.4 varies n for

m = 1. These figures assume that the number of disks N increases (decreases)

as the amount of redundancy – n/m – in the system increases (decreases). When

n = m, N = D = 64.

Let us discuss availability first. Availability gets asymptotically close to 1 as
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m decreases and n increases. At n = 16, m = 1, the system availability is 16

nines. Clearly, this level of availability is overkill for most systems; 5 or 6 nines is

a more reasonable goal (equivalent to the public telephone system). The figures

show that the system can achieve this level of availability with n = 16, m = 12

(figure 6.3) or n = 3, m = 1 (figure 6.4).

In terms of performance, the throughput of each configuration is only limited

by the number of disks used. In figure 6.3, the throughput drops approximately

by 1/m2 (compared to the throughput at m = 1) with larger m. This happens for

two reasons: (1) larger m implies smaller fragments, which reduce the throughput

almost linearly; and (2) with n fixed, larger m means fewer disks need to be used

to store the same dataset. For increasing n, figure 6.4 shows that throughput

increases linearly, as more disks are used.

The throughput and availability trends suggest similar design decisions. For

higher throughput and availability, we want larger n and smaller m. However,

specific levels of desired throughput and availability might not be satisfiable at

the same time.

Impact of Fixed Number of Disks. We just examined the effect of the

redundancy configuration assuming a variable number of disks. Here, we evaluate

the impact of using a fixed number of disks, N = 64. Under this assumption, all

but one configuration (n = 16, m = 1) will have unused storage space.

In this scenario, the availability does not change from the graphs in figures

6.3 and 6.4. The throughput curves drop only by a factor of 1/m when m is

increased, due to reason (1) listed above. When n is increased, write throughput

decreases by a factor of 1/n (compared to n = 1), whereas the read throughput

is unaffected. Overall, our observations from figures 6.3 and 6.4 still apply here.
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Figure 6.5: Energy savings for n = 16.
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Figure 6.6: Energy savings for m = 1.

6.5.2 Energy

We now evaluate the effectiveness of the energy conservation techniques, as a

function of the redundancy configuration. We start by assuming that FT is the

primitive power-management technique used by MAID, PDC, DIV, MAID+DIV,

and PDC+DIV and that the number of disks varies.

Figures 6.5 and 6.6 assess the impact of varying m (for n = 16) and n (for

m = 1), respectively, on the energy savings produced by each technique. We

compute the energy savings with respect to an energy-oblivious (EO) storage

system. Note though that the percentages of savings represent different absolute

energy consumptions, as the number of disks is not fixed. For example, EO

consumes 10445 W average power for m = 1 and 653 W for m = 16. Note also

that some configurations are infeasible under PDC and PDC+DIV and are thus

not included in the graphs. These configurations lead to fractional numbers of

disk sets (see Section 6.4).

From figure 6.5, we can see that FT provides no energy savings across the

space. Under the default request rate, there is not enough idle time for energy

conservation in FT. In contrast, MAID conserves energy for small m but degrades
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as we increase this parameter. In fact, MAID conserves a substantial amount of

energy when m = 1, since the idle time on the non-cache disks is high enough

under the default request rate and MAID fragment miss rate. However, when

m ≥ 2, MAID consumes more energy than EO because the cache disks do not filter

enough accesses, and thus do not justify their energy overhead. PDC produces

roughly the same energy savings, regardless of m. The reason is that these savings

result from the constant file system coverage we assume.

DIV behaves very well until m starts approaching n; larger m means that

there is less redundancy, so fewer disks can be in low-power mode during read

operations. Comparing the techniques, we find that DIV conserves more energy

than MAID regardless of m. In comparison to PDC, DIV conserves more energy

when the amount of redundancy is high, i.e. n >> m.

Combining MAID or PDC with DIV improves these techniques substantially.

MAID+DIV behaves similarly to DIV and significantly better than MAID for

highly redundant configurations. With little redundancy, MAID+DIV behaves

worse than DIV, consuming more energy than EO. PDC+DIV conserves sig-

nificantly more energy than PDC for highly redundant systems. In contrast,

PDC+DIV conserves more energy than DIV when redundancy is limited. Over-

all, PDC+DIV behaves best, as it combines the benefits of DIV and PDC under

high and low redundancy, respectively.

From figure 6.6, we see that all techniques and combinations benefit from in-

creases in redundancy, except for PDC and FT. MAID consumes more energy

than EO for small n, but produces savings when the system becomes highly re-

dundant. These savings come from the increase in the number of cache disks that

results from increasing n (recall that we assume Dmaid to be a fixed percentage of
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N). DIV and its combinations produce the most significant and consistent energy

savings, since DIV allows an increasing number of disks to be sent to low-power

mode with increasing redundancy. Again, PDC+DIV performs best as explained

above.

Impact of Workload Characteristics. We now study the impact of different

workload characteristics on energy conservation, starting with the request rate.

Figure 6.7 shows the effect of the request rate on a configuration with n = 8, m =

1. Recall that our previous results assumed the default request rate of 64 reqs/s.
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The figure shows that FT and MAID only conserve energy for very low request

rates (less than 32 and 64 reqs/s, respectively). For higher request rates, more

sophisticated organizations are clearly necessary to increase idle times. Both PDC

and DIV provide energy savings, but DIV conserves between two and three times

more energy than PDC in this range of request rates. Adding DIV to MAID or

PDC improves their behavior significantly, especially in the case of MAID. In fact,

MAID+DIV degrades very slowly with the increase in request rate, due to our

optimistic assumptions regarding the write accesses (infinite write buffering at

cache disks and large write batch size). Under these assumptions, the cache disks

and the original disks remain active, but the redundant disks can be in low-power

mode most of the time. The overall trends we see in the figure continue until the

request rate becomes so high that all disks are needed to fulfill the bandwidth

requirements (not shown).

We now turn to the percentage of writes in the workload. Figure 6.8 shows a

request-rate graph for the techniques that differentiate reads and writes, MAID

and the DIV variants, with n = 8, m = 1. We omit PDC+DIV because its results

follow the exact same trends as those of DIV, but with slightly larger savings.

The figure plots results for three pw settings: 0.33, 0.66, and 0.99. Recall that

our other results assume pw = 0.33.

These results are interesting in that MAID and DIV behave very differently.

MAID conserves the most energy for write-dominated workloads, due to our op-

timistic assumptions for this technique; when reads are a significant fraction of

the accesses, MAID actually consumes more energy than EO. In contrast, DIV

does best for read-dominated workloads, as the redundant disks can be kept in
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low-power mode most of the time. Nevertheless, DIV also does well for write-

dominated workloads, since the redundant disks are only activated when the write

buffer fills up. MAID+DIV behaves very well for all write rates by combining the

best characteristics of MAID and DIV.

Figure 6.9 shows the behavior of PDC and PDC+DIV, as a function of cover-

age and request rate. Recall that coverage is the percentage of blocks referenced

(read or written) over all stored blocks. By default, we have been assuming a

coverage of 70% and a request rate of 64 reqs/s. PDC benefits significantly from

smaller coverages. In fact, PDC becomes the best technique for very low coverage

and high request rate. PDC+DIV also benefits from smaller coverages, but the

improvements over DIV are meager when compared with the benefits a smaller

coverage has on PDC alone. We can also see that the effect of data migration is

small, since the energy savings of PDC+DIV with 90% coverage are very similar

to those of DIV.

Figure 6.10 shows the behavior of MAID and MAID+DIV, as a function of

cache miss and request rates. The miss rate depends on the workload and on the

number of MAID caches used. Here, we study how the miss rate affects energy

conservation, without concern for how it is achieved, i.e. without changing other

parameters. The figure shows that the miss rate has a significant effect on MAID

but not on MAID+DIV. MAID improves with lower miss rate, since lower rates

increase the idle time at the non-cache disks, allowing them to be kept in low-

power mode longer. MAID+DIV only benefits from extremely low miss rates

(much lower than 10%), at which point the original (non-cache) disks can be sent

to low-power mode for a long enough period. Again, this shows that MAID+DIV

behaves well solely due to DIV and our favorable modeling assumptions.
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Impact of Write Buffer and Write Batch Sizes. The size of the write buffer

is tremendously important for DIV when workloads exhibit a non-trivial fraction

of writes. For these workloads, DIV may not be able to conserve energy in the

absence of a write buffer. As we increase the size of the write buffer, energy

savings increase quickly at first but later taper off, as the redundant disks remain

idle most of the time. Under our default parameters, the energy savings start to

taper off with a 2-MB write buffer.

The behavior of MAID+DIV is significantly affected by a similar parameter,

the write batch size. The batch size in MAID+DIV can be much larger than

the buffer size in DIV, since writes are buffered on the cache disks in the former

technique and main memory in the latter. When the batch size is the same as

the buffer size, MAID+DIV conserves less energy than DIV, due to the energy

overhead of the cache disks.

Impact of Fixed Number of Disks. Fixing N = 64 across the spectrum of

configurations leads to similar trends as in figures 6.5 and 6.6. Increases in n

tend to increase the DIV savings initially, since larger n increases the number of

redundant disks. At some point however, write accesses start limiting the idle time

of a large number of disks. Increasing m reduces the DIV savings consistently,

since this effectively increases the number of original disks.

Impact of Oracle. We also modeled the techniques assuming Oracle as the

primitive power-management strategy, instead of FT. As one would expect, the

result is that the techniques were able to conserve a little more energy at low

request rates. For higher request rates, Oracle can block the power-mode tran-

sitions that would lead to higher energy consumption, but this feature did not

affect the energy savings noticeably. When Oracle is used in isolation, it behaves
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a little better than FT but for very low request rates only.

6.5.3 Defining a Redundancy Configuration

We illustrate the use of our models in the design of a redundancy configuration

with a simple example. Suppose you need to design a system that requires: at

least 20 disks to store all the data, at least 5 MB/s of throughput, and at least

0.99999 of availability.

We evaluated all possible combinations of n, m ∈ [1..16] for this example

and our default model parameters. Table 6.3 summarizes the details of some of

the candidate combinations. From left to right, the table lists the redundancy

configuration, the number of disks, its throughput, its availability, the energy

conservation technique, and the average power consumption.

In the table, the first group of rows shows the optimal configuration, (8, 5)

with PDC+DIV for energy conservation. In this configuration, the two best

techniques, DIV and PDC+DIV, consume 18% and 30% less energy than EO,

respectively. It is interesting to note that the optimal configuration is somewhat

non-intuitive; the intuitive ones are either invalid or sub-optimal. For example,

the simplest redundant configuration ((2, 1), not shown) uses 40 disks, delivers

enough throughput, but provides insufficient availability. The second group of

rows shows results under another simple and intuitive mirrored configuration,

(3, 1). For this configuration, DIV and PDC+DIV conserve 47% and 54% of the

energy consumed by EO, respectively. The third group shows results for another

intuitive configuration, (4, 2). Again, DIV and PDC+DIV are the best techniques

for this configuration, conserving 32% and 44% of the energy, respectively. Finally,

the fourth group shows results for yet another intuitive configuration, (8, 1). We
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(n,m) N P A Tech E
(MB/s) (W)

(8, 5) 32 8.1 0.999999 EO 326
(8, 5) 32 8.1 0.999999 FT 326
(8, 5) 32 9.1 0.999999 MAID 367
(8, 5) 32 8.1 0.999999 PDC 265
(8, 5) 32 8.1 0.999999 DIV 267
(8, 5) 32 9.1 0.999999 MAID+DIV 275
(8, 5) 32 8.1 0.999999 PDC+DIV 228

(3, 1) 60 66.0 0.999999 EO 612
(3, 1) 60 66.0 0.999999 FT 612
(3, 1) 60 72.6 0.999999 MAID 674
(3, 1) 60 66.0 0.999999 PDC 473
(3, 1) 60 66.0 0.999999 DIV 326
(3, 1) 60 72.6 0.999999 MAID+DIV 365
(3, 1) 60 66.0 0.999999 PDC+DIV 280

(4, 2) 40 23.8 0.999996 EO 408
(4, 2) 40 23.8 0.999996 FT 408
(4, 2) 40 26.2 0.999996 MAID 452
(4, 2) 40 23.8 0.999996 PDC 316
(4, 2) 40 23.8 0.999996 DIV 276
(4, 2) 40 26.2 0.999996 MAID+DIV 295
(4, 2) 40 23.8 0.999996 PDC+DIV 230

(8, 1) 160 160.4 1.000000 EO 1632
(8, 1) 160 160.4 1.000000 FT 1633
(8, 1) 160 176.5 1.000000 MAID 1774
(8, 1) 160 160.4 1.000000 PDC 1262
(8, 1) 160 160.4 1.000000 DIV 631
(8, 1) 160 176.5 1.000000 MAID+DIV 717
(8, 1) 160 160.4 1.000000 PDC+DIV 585

Table 6.3: Sample candidate solutions for simple example.

might see this kind of large and highly redundant configuration in wide-area

storage systems, in which many types of faults can cause parts of the system to

become inaccessible. In this scenario, DIV and PDC+DIV consume 61% and 64%

less energy than EO, respectively.
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6.5.4 Summary

From the results above, it is clear that DIV (independently or in combination with

other techniques) is an effective technique. In most of the parameter space, the

DIV energy savings are significant and consistent. DIV is particularly effective

for high n, low m, and read-mostly workloads.

DIV is the very reason why MAID+DIV and PDC+DIV behave well; MAID

and PDC independently are neither robust nor energy-efficient in most cases.

MAID+DIV behaves better than DIV in part of the space, mostly due to our

highly favorable modeling of write accesses in MAID+DIV (and MAID). How-

ever, in other parts of the space, the cache disks contribute little besides energy

overhead; in those scenarios, MAID+DIV consumes more energy than EO.

PDC+DIV conserves more energy than DIV when redundancy is limited.

However, we also modeled PDC+DIV (and PDC) under favorable assumptions:

perfect popularity categorization and no migration costs. Furthermore, PDC+DIV

has one major drawback: it is very complex to implement in practice, especially

in the context of a distributed storage system. In fact, determining the best data

layout for energy and bandwidth is clearly NP-hard.

Based on these observations, we argue that DIV is the only effective, robust,

and practical redundancy-aware energy conservation technique.

It is also clear from our results that the task of a storage system designer is not

simple. Choosing the right redundancy configuration requires making informed

decisions based on all the system requirements. Our simple example showed that

non-intuitive redundancy configurations may actually lead to the best results.
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k N ReqRate pw Tech Buffer Size Energy Savings Error
(reqs/s) (MB) Sim (%) Model (%) (%)

3 3 0.01 0.25 DIV 0 62.1 62.4 0.8
3 3 0.01 0.25 DIV 1 66.6 66.7 0.4
3 3 0.01 0.25 DIV 8 66.6 66.8 0.4
3 3 0.01 0.25 DIV ∞ 66.6 66.8 0.4
3 6 10 0.50 DIV 0 0.0 0.0 0.0
3 6 10 0.50 DIV 1 15.6 16.8 1.0
3 6 10 0.50 DIV 8 45.7 46.1 0.6
3 6 10 0.50 DIV ∞ 49.3 50.3 2.0
3 15 100 0.75 DIV 0 0.0 0.0 -0.0
3 15 100 0.75 DIV 1 0.0 2.6 2.6
3 15 100 0.75 DIV 8 24.5 24.8 -0.3
3 15 100 0.75 DIV ∞ 49.6 50.1 1.0
5 20 100 0.75 DIV 0 0.0 0.0 0.0
5 20 100 0.75 DIV 1 0.0 2.5 2.5
5 20 100 0.75 DIV 8 21.7 22.2 0.8
5 20 100 0.75 DIV ∞ 59.8 60.1 0.8

3 3 0.1 0.0 FT 0 13.0 12.8 -0.3
3 9 0.1 0.0 FT 0 46.0 46.5 0.9
3 15 0.1 0.0 FT 0 57.8 58.1 0.7
3 3 10 0.0 FT 0 0.0 0.0 0.0
3 9 10 0.0 FT 0 0.0 -0.1 -0.1
3 15 10 0.0 FT 0 0.0 0.0 0.0

Table 6.4: Sample of validation results.

6.6 A Case Study: PAST

We now study similar tradeoffs in the PAST storage system [89]. This study

serves two purposes: (1) to validate our energy models using simulation of a

distributed storage system; and (2) to demonstrate DIV in the context of both

real and synthetic workloads.

PAST is a large-scale, peer-to-peer file system that provides scalability, high

availability, and high reliability (strong persistence). For availability and per-

sistence, PAST keeps at least k copies of every file on different geographically

distributed nodes. PAST stores files of any size in their entirety on each node.
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Each file is identified uniquely by a 128-bit key, called fileId. File access requests

are routed to the appropriate nodes using a peer-to-peer routing infrastructure,

called Pastry [90]. Given a fileId, Pastry routes an associated message to the

node whose node identification is numerically closest to the key, among all live

nodes. Routing is done in dlog2bNe steps, where N is the number of nodes and b

is a configuration parameter with typical value 4. Once the first copy of the file

(out of the k available) is reached, PAST returns the entire file contents to the

requesting node using the reverse path. Along the way, extra copies of the file

might be cached to improve performance and increase availability.

To model PAST, we map fixed-sized blocks onto PAST files without loss of

generality. We can then describe PAST using n = k, m = 1, since k copies are al-

ways available and only one is required to retrieve the original data. Even though

we could consider power-managing entire PAST nodes, we continue focusing on

disks (one disk per node, for simplicity).

To simulate PAST, we have developed a trace-based simulator that imple-

ments the relevant aspects of the system for this work: routing and replication.

We did not simulate the caching of blocks along access routes to promote energy

conservation (at the cost of potentially higher latency). Furthermore, cached

blocks could be written to disks when they were active, so this decision should

not affect our energy results at all. We simulate DIV, FT, and EO. The simulator

selects a random node to receive each request in the trace. The request is then

routed according to Pastry to the destination node and the reply is routed back.

At each node, a fixed network latency of 50 ms is added. We did not experiment

with variable network latency because we did not want to add sources of noise

to the energy computation, which would make it hard to isolate where benefits
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come from. We simulate the same IBM Ultrastar disks we have been studying.

6.6.1 Model Validation

In this section, we validate our energy models against the PAST simulator using

synthetic workloads. Our synthetic workload generator takes the request rate and

percentage of writes as input and produces a trace with 10,000 request arrivals

drawn from a Pareto distribution with infinite variance. Each request is directed

to a different disk (in round-robin fashion) and accesses a block of 8 KB. Note

that the generation of our synthetic traces differs markedly from our modeling

approach. In particular, each request arrival corresponds to a single disk access

in our synthetic traces.

We executed a large number of simulations varying six different system and

workload parameters: pw ∈ [0, 0.25, 0.5, 0.75, 1], k ∈ [3, 5], req rate ∈ [0.01, 0.1,

10, 100, 1000], energy conservation technique ∈ [FT, DIV ], N ∈ [3, 6, 9, 10, 15, 20],

and wbSize ∈ [0, 1, 8,∞]. Combinations of parameters that either do not make

sense (e.g., k > N) or require more bandwidth than N disks can produce were

discarded. We then compared the disk energy results of the remaining 795 simu-

lations with the corresponding modeling results.

Table 6.4 shows a selected fraction of our validation results. The last column

of the table shows the percentage difference between the energy consumption

predicted by model and simulator. Our modeling results match the simulation

results closely; the average error is 1.3%, the standard deviation is 2.8%, and the

maximum error is 18%. If requests are directed to disks randomly (rather than

in round-robin fashion), these values become 3.4%, 8.1%, and 28%, respectively.

The simulation and modeling trends match very closely. Again, DIV is most
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effective for high redundancy (large k), read-mostly workloads, and larger write

buffer sizes. Also, FT is again only effective for very low request rates. These

results build confidence on the parameter space study we present in Section 5.5.

6.6.2 Real Workload Results

We also wanted to simulate PAST for real traces. Unfortunately, real peer-to-peer

file access traces are not available in the public domain. As an approximation, we

used two proxy traces from AT&T and the IRCache project. The AT&T trace

was collected between 01/16/99 and 01/22/99, whereas the IRCache trace was

collected at three locations from 09/29/04 to 10/05/04. To mimic a system in

which files are stored on disk and later accessed by peers, we pre-processed the

traces to transform all file accesses into file read operations. We also introduced

a write access for each unique file at a random time before the first access to it.

After pre-processing, the AT&T trace exhibits 21,150,244 block requests, a 34%

write percentage, an average request rate of 35 reqs/s, and a peak request rate of

2266 reqs/s. The IRCache trace includes 42,976,431 block requests, a 34% write

percentage, an average request rate of 71 reqs/s, and a peak request rate of 10635

reqs/s. The traces are small (≤ 109 GB each), so even one disk would be enough

to store all the accessed data.

Before simulating, we need to define the ideal redundancy configuration for

these workloads. First, we set the maximum throughput requirements as their

peak request rates. Second, we set the target availability for the system at two

different levels: 6 nines (IRCache) and 9 nines (AT&T). The latter is the same

availability as in the original PAST paper. As a final constraint, we set m = 1,

since this is the only setting that PAST handles.
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Buffer Size Energy Spin Downs Avg Idle Time Reqs Delayed Avg Hop Count Energy Savings
(MB) (MJ) (s) (%) (%)

0 120.3 5068 0.3 0.0 2.1 2.5
1 99.0 168524 27.9 0.8 0.9 19.7
2 78.1 110744 60.2 0.5 0.9 36.7
4 63.4 57072 128.7 0.3 0.9 48.6
8 55.9 29104 266.1 0.2 0.9 54.7
16 52.1 15024 541.1 0.1 0.9 57.7
32 50.2 7984 1090.9 0.1 0.9 59.3
64 49.3 4464 2190.6 0.0 0.9 60.0
128 48.8 2704 4389.9 0.0 0.9 60.4
∞ 48.4 1152 37209.9 0.0 0.9 60.8

Table 6.5: DIV results for AT&T trace. Average hop count is for one-way mes-
sages only.

Buffer Size Energy Spin Downs Avg Idle Time Reqs Delayed Avg Hop Count Energy Savings
(MB) (MJ) (s) (%) (%)

0 499.6 2133 0.9 0.0 2.7 0.0
1 307.6 220699 89.9 0.5 1.6 38.4
2 278.2 111791 186.8 0.3 1.6 44.3
4 263.2 56225 380.6 0.1 1.6 47.3
8 255.7 28199 768.2 0.1 1.6 48.8
16 251.9 14159 1543.6 0.0 1.6 49.6
32 250.0 7139 3094.4 0.0 1.6 49.9
64 249.1 3629 6195.9 0.0 1.6 50.1
128 248.6 1847 12592.8 0.0 1.6 50.2
∞ 248.2 335 100792.6 0.0 1.6 50.3

Table 6.6: DIV results for IRCache trace. Average hop count is for one-way
messages only.

Assuming these constraints and parameters, our optimization procedure finds

N = 20 disks and n = k = 5 (AT&T) and N = 81 disks and n = k = 3 (IRCache)

as the best configurations. We assess the DIV behavior on these realistic traces by

simulating the system with this configuration and different write buffer sizes. We

list these results in tables 6.6.2 and 6.6. From left to right, the table lists the write

buffer sizes, the amount of energy consumed during the trace, the number of disk

spin downs, the average idle times, the percentage of requests that were delayed

by disk spin ups, the average number of hops traversed per one-way message, and

the DIV energy savings with respect to EO. The tables show that DIV conserves

between 20% and 61% of the energy, depending on the size of the write buffers.
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When we cripple DIV by eliminating its write buffers, it conserves little if any

energy. As we saw in Section 5.5, increasing the size of the write buffers increases

savings significantly at first, but the gains progressively tapper off. Although we

do not include this information in the tables, our DIV energy model matches

the simulation results closely; the average errors are 3.4% (AT&T) and 1.8%

(IRCache), whereas the maximum errors are 10% (AT&T) and 8% (IRCache).

6.7 Conclusions

In this chapter, we introduced Diverted Accesses, the first energy conservation

technique designed to leverage the redundancy in storage systems. We also intro-

duced models that predict the disk energy consumption of Diverted Accesses and

the previous techniques, as a function of the system’s redundancy configuration.

Our evaluation coupled a wide parameter space exploration with simulations of a

real storage system under two realistic workloads. Our modeling and simulation

results showed that Diverted Accesses is very effective and robust throughout

most of the parameter space; other techniques are either not robust or impracti-

cal. Furthermore, we found non-intuitive redundancy configurations to be ideal

in a couple of different examples. For our real system, realistic workloads, and

ideal configuration, Diverted Accesses was able to conserve 20-61% of the disk

energy consumed by an energy-oblivious storage system.

We conclude that considering redundancy can provide significant disk energy

savings beyond those of previous techniques. Furthermore, we conclude that

designing a storage system requires quantifying and trading off several different

metrics, which are all affected by the redundancy configuration. Our models are
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useful in this design process.

Finally, Diverted Accesses should be extremely useful for large-scale stor-

age systems, such as outsourced storage services or wide-area publish-subscribe,

backup, and archival systems. In fact, we believe that our technique would be

even more beneficial (in absolute energy consumption terms) if applied to entire

storage nodes rather than just their disks. We intend to address this issue in the

near future.
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Chapter 7

Conclusions and Future Work

In this thesis we made the case for power management and energy conservation

in server systems. We are among the first researchers to propose and study this

new research direction.

We have shown that careful resource management, adjusted to the imposed

load on a server system, can conserve energy without significant performance

degradation. Our Load Concentration technique conserves around 40% of energy

of a cluster by turning entire nodes off. This kind of coarse-grain control has the

highest absolute savings and is applicable to a variety of environments, from data

centers and scientific computing clusters to research and academic environments.

Load Concentration has to be implemented carefully however, since booting up

a node to handle an increase in demand can take more than a minute.

Our Popular Data Concentration and Diverted Accesses techniques are more

fine-grained, providing smaller absolute savings, but still a significant fraction of

the energy consumed by servers. Their finer control provides for more flexibil-

ity and agility in how and when other components of the server system will be

power-managed. For example, if a server system needs prompt availability of the

processing resource (CPU), then power-managing disks and CPU differently (and

individually) is better than having to bring up an entire node and thus pay the

price of the long boot up delay.
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We showed that Popular Data Concentration needs to be applied to an array

of multi-speed disks to be effective under realistic loads. It can save a substantial

amount of energy depending on the parameters of the workload, such as coverage,

request rate, and write ratio as long as two-speed disks are used.

We also showed that Diverted Accesses can save significant amounts of energy

depending on the redundancy parameters used and the intensity of the workload.

We suggested that Diverted Accesses can be applied to entire servers, making

DIV a very flexible technique that can be adjusted to tailor individual needs.

Although our techniques are important first steps, several areas exist for future

research. Energy consumption in the memory subsystem of servers, for example, is

a problem that remains open. There might be characteristics of servers’ memory

access patterns that could be exploited in a similar vein as the characteristics

we exploit for entire servers and the storage subsystem. For example, popular

memory blocks might be migrated to a subset of the banks in a memory module,

similar to what PDC does.

Further, temperature management and its relationship to power and energy

management need more study. Since temperature is directly related to power, we

need to find out if resource management techniques for power can also be applied

to manage temperature. We have early indication that managing temperature is

not the same as managing power, since there is inertia in temperature movement

that does not occur with power expenditure.

Our Load Concentration technique can be extended to take into account the

physical layout of a machine room. It could then handle temperature emergencies

– partial breakdown in cooling equipment – by shifting load towards the cooler

set of cluster nodes while shutting down the affected nodes. The ramifications of
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this study and its tradeoffs are our next step beyond this thesis.

Finally, the interplay between hardware reliability, performance, and temper-

ature management is not clear yet. It is well-known that increases in temperature

cause hardware components to fail. However, some devices may show soft-failure

(recoverable) behavior with increases in temperature before they break, whereas

others might show a binary behavior in which they work perfectly (perhaps only

slower) and then break when a maximum temperature is reached. If their mode

of operation is known and can be analytically modeled, we can create a policy

that optimizes temperature management, performance, and reliability. The goal

is to obtain the “sweet spot” in the tradeoff curve between performance and tem-

perature. That is, we seek to balance small increases in temperature (to save the

cooling energy/money) at the expense of slightly longer latencies (due to soft-

failures/slower performance) and decreased reliability (just to the point where

components will not break significantly more often then they would otherwise).

We believe this is an attainable short-term goal.
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