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Abstract

Previous work demonstrates that migrating files be-
tween disks may induce idleness in servers and facili-
tate power management. However, these studies focus
on steady-state power savings and do not consider
the energy consumption and performance overhead
of migrating files between disks. In this study, we
construct a constrained optimization problem of file lo-
cation for high-bandwidth applications by considering
file migration energy, as well as steady-state energy
consumption. We present an algorithm that improves
quality-of-service by 63% for a streaming video server
compared with existing techniques while maintaining
comparable energy savings.

1. Introduction

Power management has an extensive history in mo-
bile devices. However, power management is becom-
ing increasingly important in high-performance servers
because performance improvements and server density
are limited by the excessive heat in the system [1].
Storage devices are large power consumers in modern
high-performance servers. For example, a recent TPC
benchmark for the Dell PowerEdge 2900 server [2]
consumes approximately 3.8 kW of power, with 25%
consumed by the server itself [3] and 75% consumed
by the attached storage devices [4]. For large data
centers, the power costs may be even more significant.

File system power management policies [5], [6] mi-
grate files between physical devices to induce idleness
that may be exploited to save energy. File system
policies are useful in high-performance servers because
insufficient idleness exists to achieve significant energy
savings. Figure 1 illustrates how proper file location
facilitates power management. Figure 1(a) depicts the
bandwidth requirement, Bi, for each disk. W is the
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Figure 1. File system policies induce idleness by
altering the access patterns for each disk. Band-
width Bi is required for disk i. W is total bandwidth.
(a) Original bandwidth for each disk. (b) Bandwidth
allocation after file migration.

sum of the disks’ bandwidth requirements. The files
on Disk 3 to Disk n may be grouped with the files
on Disk 1 and Disk 2, respectively. Figure 1(b) shows
the bandwidth for each disk after file migration. The
total bandwidth remains the same, but file accesses are
concentrated on the first two disks, allowing power
management on the remaining disks. Recent studies
on server power management have utilized variable
speed disks because traditional shutdown-based tech-
niques are able to save energy only for low intensity
workloads [5]. Dynamic revolutions per minute disks
(called DRPM disks) allow energy to be saved during
busy workloads, provided that lower bandwidth and
higher latency may be tolerated [7].

Existing file system policies [5], [6] focus on steady-
state power savings for specified performance con-
straints. However, these studies do not consider the
significant energy consumption and bandwidth over-
head for file migration. For example, our experiments
indicate some file system policies require an aver-
age of over 41 minutes during an hour interval to
migrate files. In this paper, we present a policy that
considers both the steady-state energy savings and the
file migration energy for high-bandwidth applications.
Our policy, called Genetic File System (GFS), uses a
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genetic algorithm to simultaneously minimize steady-
state energy consumption and migration energy while
mitigating the problem’s complexity. We observe a
63% improvement in quality-of-service compared with
existing policies for our streaming video server while
maintaining comparable energy savings.

2. Related Work

File system policies save energy by changing the
physical locations of files. Colarelli et al. [8] suggest
using a cache disk for a massive array of idle disks
(MAID) to induce idleness. Pinheiro et al. [5] suggest
a method called popular data concentration (PDC) that
sorts files according to the number of accesses and
moves the most frequently accessed files to the same
disk to induce idleness in the other disks. Their work
also indicates that PDC achieves significantly more
energy savings than MAID. Zhu et al. [6] present a
system called Hibernator that randomly shuffles data
blocks among disks of a similar speed in a RAID-5
storage network to allow DRPM and provide latency
guarantees. In this paper, we build upon the work of
Zhu et al. by extending their derivations to include
migration energy and reformulating the problem to
manage bandwidth-constrained applications rather than
low latency applications. Furthermore, our policy si-
multaneously optimizes the steady-state power con-
sumption and transient migration energy.

Several papers have focused on power management
for high performance servers. Ranganathan et al. [9]
propose enclosure-level power management for blade
servers. However, they focus mainly on managing
processor power. Papathanasiou et al. [10] employ
aggressive prefetching to induce additional disk idle-
ness. Their prefetching utilizes disk bandwidth more
efficiently, increasing the usable bandwidth for file
system policies. Cai et al. [11] and Zhu et al. [12]
provide caching algorithms that increase idleness for
server disks. These studies complement our file system
policy by decreasing disk utilization.

Determining the file layout that minimizes energy
consumption is a direct application of the multiple con-
strained knapsack problem, which is known to be NP-
complete [13]. Several NP-complete problems, such
as the traveling salesperson problem [14] and multiple
knapsack problem [15], have been solved using genetic
algorithms to avoid exhaustive searches. GFS uses a
genetic algorithm to mitigate the complexity of solving
the multiple constrained knapsack problem exactly.

The contributions of this paper include (a) an analyt-
ical formulation of file system policies that considers
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Figure 2. Steps involved in file system policies.
Files are organized into groupings. Each group is
assigned to a disk in a one-to-one mapping.

Symbol Description Units
P̄ Total average power W

Pi j,a Active power for group i at speed j W
ti j,a Active time for group i at speed j s
Pi j,r Idle power for group i at speed j W
ti j,m Migration time for group i at speed j s
Ei,c Speed change energy for disk i J
ti,c Speed change delay for disk i s
T Evaluation interval s
bk Bandwidth required for file k B/s
Bi j Max bandwidth for disk i at speed j B/s
Si Max capacity of disk i B
sk Size of file k B
Xik Indicator for file k in group i —
Mk Indicator for file k migrating —
nd Number of disks —
n f Number of files —
Yid Assignment of group i to disk d —

Table 1. Symbols used in formulation.

migration power in high-bandwidth applications, (b) a
policy called GFS that reduces performance overhead
by jointly reducing steady-state power consumption
and migration power, and (c) an evaluation of GFS
for a streaming video server to demonstrate the appli-
cability to high-bandwidth applications.

3. Problem Formulation

Our goal is to minimize energy consumption while
meeting specified bandwidth constraints. File system
policies consist of two steps: grouping and assignment.
Figure 2 illustrates this process. Grouping collects all
the files on the file system into a logical set that
should be stored on the same disk. For example, files
may be collected into groups of descending popularity.
Grouping determines the steady-state power consump-
tion of the file system. Assignment performs a one-to-
one mapping between a group and a disk. Assignment
determines the transient power consumption while files
are migrated between disks. In this section, we describe
file system policies in a mathematical context to sup-
port our policy design in Section 4. Table 1 contains
all symbols used in the formulation as a reference.
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3.1. File Grouping

Energy-efficient file grouping minimizes the average
power consumption subject to bandwidth constraints.
The problem is formally stated as:

minimize
j,Xi j

P̄ =
1
T

nd

∑
i=1

[

Pi j,ati j,a +Ei,c +Pi j,ati j,m

+Pi j,r(T − ti j,a − ti j,m − ti,c)
]

(1)

subject to
n f

∑
k=1

bkXik < Bi j, i ∈ {1,2, . . . ,nd} (2)

n f

∑
k=1

skXik ≤ Si, i ∈ {1,2, . . . ,nd} (3)

nd

∑
i=1

Xik = 1, k ∈ {1,2, . . . ,n f } (4)

Equation (1) defines the average power P̄ for all file
locations. This equation consists of four energy com-
ponents, divided by the evaluation interval T . Each of
the power measurements, Pi j,a and Pi j,r, and the times,
ti j,a and ti j,m, are dependent upon the disk speed j. The
first component is the group’s active energy: Pi j,ati j,a.
The active energy is computed from the amount of
time that the group’s disk is actively serving requests.
The second component is the speed change energy:
Ei,c. This energy occurs when the group’s disk motor
changes speeds. If the disk does not change speeds,
Ei,c = 0. The speed transition time ti,c is a hardware-
specific constant. The third component is the energy
required to migrate files: Pi j,ati j,m. The migration en-
ergy represents additional disk activity while files are
moved between groups’ disks. The final component is
the idle energy: Pi j,r(T − ti j,a− ti j,m− ti,c). This energy
is consumed when no requests are issued. The time
component is the remaining time in the evaluation
interval when requests are not being issued, migration
is completed, and state changes have completed.

The times ti j,a and ti j,m are directly related to the
file grouping and the group’s disk bandwidth Bi j. We
compute the active time as ti j,a = T

Bi j
∑

n f
k=1 bkXik for disk

i, where the indicator variable Xik = 1 when the file k is
located within group i and Xik = 0 otherwise. The time
ti j,m includes the time required to migrate files into the
group and out of the group. For simplicity, we assume
that the times ti j,a and ti j,m are disjoint because seek
operations are likely to separate the requests. We will
discuss the migration time ti j,m further in Section 3.2.

Equation (2) represents the bandwidth constraints
for file groupings. The bandwidth required to read

each file, bk, must not exceed the total bandwidth Bi j

of the group’s disk. The bandwidth Bi j is dependent
on disk speed j. Equation (3) represents the capacity
constraints for file grouping. The total size of each file,
sk, must not exceed the available storage capacity Si

for the group’s disk. Equation (4) indicates that each
file must be located exclusively on one disk. We do
not consider file duplication within this formulation.

3.2. Disk Assignment

As described in Section 2, existing approaches to
minimizing average power focus on computing a file
grouping that minimizes the active energy and idle
energy. Such a minimization neglects the significant
energy consumption due to file migration. In this
section, we formulate the assignment of file groups to
physical disks in greater detail. We assume that disk
groupings have been constructed. Then, we can deter-
mine an optimal permutation of disk assignments that
minimizes the migration energy component Pi j,ati j,m.
Let Yid be an indicator variable when the group i is
assigned to disk d:

minimize
nd

∑
d=1

nd

∑
i=1

Pi j,ati j,mYid (5)

subject to
nd

∑
i=1

Yid = 1,d ∈ {1,2, . . . ,nd} (6)

nd

∑
d=1

Yid = 1, i ∈ {1,2, . . . ,nd} (7)

Equation (5) defines the energy to migrate data
between disks. The migration time ti j,m depends on the
size of files sk that change between each group and the
disk speed j. Let Mk = 1 indicate that file k is migrated
into group i or out of group i; otherwise, Mk = 0.
Using this definition, the migration time is ti j,m =

1
Bi j

∑
n f
k=1 skMk. Equation (6) and Equation (7) define a

one-to-one correspondence between disk grouping and
disk assignment. That is, each group is assigned to
exactly one disk.

3.3. Grouping and Assignment Joint Solution

The previous formulation describes file system poli-
cies as a sequence of two independent problems. How-
ever, a close relationship exists between the optimality
of a file grouping X and the disk assignment Y for a file
system. The file grouping determines the steady-state
power consumption for each disk. The disk assignment
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GFS(files,disks)
1 pool = BUILD-INITIAL-POOL(files,disks)
2 N = SIZE(pool)
3 while VARIANCE(pool) < TOLERANCE and runtime < 600 s
4 do new pool = {BEST-FIT(pool),BEST-FIT(pool)}
5 for i in 1 to N

2 −1
6 do (s1,s2) = SELECT-SOLUTIONS(pool)
7 CROSSOVER(s1, s2)
8 MUTATE(s1, s2)
9 new pool = new pool∪{s1,s2}

10 pool = new pool

Figure 3. Pseudocode for Genetic File System.

indicates which files must be migrated between disks,
influencing transient power consumption and creating
additional disk traffic. In the next section, we combine
the two components and solve the problems simulta-
neously.

4. Genetic File System

The exact solution to the file location problem is a
direct application of the multiple constrained knapsack
problem, which is known to be NP-complete [13]. For
our particular experiments, 204 videos on seven disks
produce 2.51×10172 (= 7204) possible solutions for file
groupings. Furthermore, the problem must be solved
periodically because access patterns may change over
time. To manage complexity, we solve the optimization
problem using a genetic algorithm, creating a Genetic
File System (GFS) to avoid an exhaustive search of
n

n f
d possible solutions.

4.1. Genetic Algorithm

In GFS, we represent each solution as a tuple
(a1,a2, . . . ,ai, . . . ,an f ). The i-th element ai represents
the disk assignment for the i-th file sorted in order
of decreasing bandwidth requirement. We refer to
the set of N candidate solutions as the mating pool.
Each iteration of the genetic algorithm is called a
generation. The next generation of the genetic algo-
rithm is constructed by performing three operations:
crossover, mutation, and fitness evaluation. Crossover
mixes two existing solutions with probability pc and
acts as a “mating” process between two solutions.
Mutation randomly changes the assignment of a single
file within a solution with probability pm. Fitness
evaluation computes the energy consumption for each
solution using Equation (1).

Figure 3 describes GFS in pseudocode. The GFS
algorithm begins by constructing an initial mating

pool. We construct our initial pool based on obser-
vations of Equation (1) and our experimental hard-
ware. The active energy Pi j,ati j,a is lower for high-
speed disks than low-speed disks because the ratio
between bandwidths (Bhigh/Blow) exceeds the ratio
between power consumptions (Phigh,a/Plow,a). Hence,
we construct initial solutions that are likely to group
popular files together on high-speed disks. If Pi j,ati j,a

is higher for high-speed disks than low-speed disks,
GFS may simply be altered to balance files rather than
cluster files. We induce these two behaviors by using
a random number generator where the probability of
assigning a file to disk d is p(d) = 1

ad /∑nd
i=1

1
ai . We will

refer to this random number generator as the “power
law generator.” The value of a determines how likely
files are grouped together. As a approaches one, the
solutions become more evenly balanced across disks.
As a becomes large, the power law generator produces
solutions more similar to PDC. For our experiments,
we use a = 1.6 to induce a more diverse mating pool
than larger values of a and rely on the crossover
operation to group files. We also include the PDC
solution and the current file assignment in the initial
mating pool. These two special solutions represent
the extremes of the algorithm, minimizing steady-state
energy and minimizing migration energy, respectively.

Lines 3 – 10 loop until the mating pool’s variance
is less than a specified tolerance or 600 seconds have
elapsed. GFS uses a tolerance of 0.01 W2. GFS retains
the best known solution between each iteration (line 4)
to ensure that solutions do not worsen over time and
then fills the remainder of the next generation’s mating
pool with new solutions. Line 6 chooses two solutions
from the mating pool. We use the roulette wheel
selection method where the probability of choosing
a solution is proportional to its fitness [16]. Line 7
performs a crossover between the two solutions with
probability pc. We use the one-point crossover method,
where the solutions are split at a random point and
the trailing elements are swapped between the two
solutions [16]. GFS uses a uniformly distributed ran-
dom number generator to determine where to split the
solutions. If crossover produces a solution that exceeds
the bandwidth or capacity constraints on a disk, we
randomly assign a new disk for overallocated files
using the power law generator. Line 8 mutates one file
assignment within each solution with probability pm.
The mutated assignment is selected using the uniform
random generator, but the new disk assignment is
computed by the power law generator. After generating
each solution for the next generation’s mating pool,
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the solution’s disks are assigned the lowest speeds that
satisfy bandwidth constraints. Then, the fitness of each
solution is computed using Equation (1).

4.2. Example

This section provides examples to illustrate the
methods described in the GFS algorithm more clearly.

4.2.1. Initial Mating Pool. Suppose we have a file
system with n f = 8 and nd = 3. Each disk has a high-
speed bandwidth of 20 and a low-speed bandwidth
of 3. The bandwidth requirement of each file b and
bandwidth consumption for each disk B is:

b = (10,8,6,5,2,1,1,1)

B = (0,0,0)

We randomly select each file’s assignment with the
power law generator. By considering the files in order
of decreasing bandwidth, we reduce the likelihood that
a file does not fit due to bandwidth constraints. After
the first four files, the assignment A may be produced:

A = (1,2,1,1,−,−,−,−)

B = (21,8,0)

The ‘–’ symbol indicates that the elements have not
been assigned. Assigning the element a4 = 1 exceeds
the bandwidth for Disk 1. The total bandwidth require-
ment for a1, a3, and a4 is 21. However, the maximum
high-speed bandwidth is 20. Since this assignment
exceeds the bandwidth for Disk 1, we generate another
assignment from the power law generator. Performing
this process for the remaining elements may generate
the following assignment:

A = (1,2,1,2,1,2,3,1)

B = (19,14,1)

The disk assignments require that Disk 1 and Disk 2
operate at high-speed. However, Disk 3 has a low band-
width requirement, allowing the disk to save energy by
operating at low-speed.

4.2.2. Crossover. Suppose that two solutions A and C
are selected for crossover:

A = (a1,a2, . . . ,ai,ai+1, . . .an f )

C = (c1,c2, . . . ,ci,ci+1, . . .cn f )

3000 rpm 15000 rpm
Seek time 3.4 ms 3.4 ms
Rotation time 10 ms 2 ms
Effective bandwidth 6.2 MB/s 42.1 MB/s
Active power 6.1 W 13.5 W
Idle power 2.8 W 10.2 W
Speed change time 12.4 s 12.4 s
Speed change power 152 J 152 J

Table 2. Energy parameters for disks [6]. Effective
bandwidth is maximum sustainable bandwidth

without dropping video frames.

The split point i is randomly selected by the uniform
random generator. Then, the solutions A′ and C′ in-
serted into the next generation’s mating pool are:

A′ = (a1,a2, . . . ,ai,ci+1, . . .cn f )

C′ = (c1,c2, . . . ,ci,ai+1, . . .an f )

4.2.3. Mutation. Suppose that a solution A is selected
for mutation. The mutated element ai is selected by the
uniform random generator. The new disk assignment
d for ai is selected by the power law generator. The
new solution:

A′ = (a1,a2, . . . ,d,ai+1, . . . ,an f )

is inserted into the next generation’s mating pool.

5. System Implementation

5.1. Hardware Setup

Our experimental machine is a Dell PowerEdge
2900 server with two quad-core 2.6 GHz processors,
8 GB RAM, and eight 37 GB 15000 rpm SAS disks.
One disk is used as a system disk. The remaining seven
disks contain data for our server. The server hosts 204
MPEG-2 streaming videos ranging in size from 111
MB to 443 MB. To generate workloads for our server,
we use up to 130 media clients that select files based
upon a Zipf distribution: p(k) = 1

kα /∑
n f
i=1

1
kα , where k

is the relative popularity of a file and α is a shape
parameter. Gao et al. [17] suggest α = 0.739 to model
typical user behavior for video files. The number of
clients over time is illustrated in Figure 4.

We use the power parameters for DRPM disks
shown in Table 2 and emulate different disk speeds
by delaying each disk request in the kernel’s disk
queue, as suggested by Zhu et al. [6] Similarly, we
emulate speed transitions by delaying one request by
the transition time ti,c. We determine the effective
bandwidth at different DRPM speeds by computing the
total bitrate of videos that may be serviced from a disk
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Figure 4. Number of clients during experimental
workload.

without dropping frames. Our experiments assume that
the servers have completed a one-hour warm-up period
before file migration.

5.2. Recording File Bandwidth

Our policy requires the bandwidth consumed by
each file to determine file location. We adopt the
approach by Pinheiro et al. to compute each file’s
bandwidth by dividing each file’s size by its average
access interarrival time [5]. We use a software frame-
work called HAPPI to record the accesses for each file.
HAPPI provides an interface to the Linux kernel that
simplifies policy implementation [18]. We implement a
kernel module that accepts disk requests from HAPPI
and computes the interarrival time for each file.

To reduce computational overhead, we sample in-
coming disk requests by recording every 128th request.
We notice little difference in the relative popularity
of files using this mechanism. We select every 128th
request because it is the highest sampling rate where
we do not encounter lock contention within our kernel
module. To handle bursty requests, we treat requests
that occur closely in time as a single request. If a
request occurs less than 20 seconds after the previous
request, the idle interval between the two requests is
ignored. The 20 second length is determined by the ap-
plication program. For our streaming videos, the buffer
refill interval is usually between 5 and 15 seconds. We
use 20 seconds to provide a filter against unusually
long interarrival times. The interarrival time for each
file is exported to user-space using the debugfs
virtual file system.

5.3. Migrating Files Between Disks

We implement migration in user space because it (a)
provides a simple interface and (b) is independent of

file system formats. Our file system is represented by
a directory structure on the system disk consisting of
symbolic links to data files located on other physical
disks. By using symbolic links, applications do not
need to know the current physical location of files to
continue serving data.

We implement our file system policies in a user-
space daemon. The daemon extracts the interarrival
time for each file from the debugfs file system and
computes bandwidth requirements once per hour. In
this paper, we recompute groupings and assignments
hourly to reduce the number of disk speed transi-
tions. After computing groupings and assignments, the
daemon migrates files by performing the following
process:

1) Copy the source file to the destination.
2) Remove the symbolic link to the source file.
3) Restore the symbolic link to the destination file.
4) Delete the source file.

When migrating files, we assign a low priority to
our migration daemon to reduce the migration’s impact
on disk bandwidth. We also migrate files in order of
decreasing interarrival time to leave the most likely
accessed data in the operating system’s page cache.

We observe that a small window of vulnerability
exists between Step 2 and Step 3 where a new request
will not locate a file on the file system. Profiling
indicates the window lasts an average of 3.5 ms and
is independent of file size. To determine the likelihood
of accessing a file during this window, we read a set
of files for an hour and compute the number of video
frames dropped due to this window of vulnerability
when performing Step 2 and Step 3 once per second.
Our results indicate all 142,051 frames are played
successfully without dropping a frame. If other appli-
cations are unable to risk a loss of quality-of-service,
the window may be closed by introducing a system
call that performs Step 2 and Step 3 atomically.

6. Policy Comparison

In this section, we compare GFS with the existing
PDC policy [5] and a policy similar to Hibernator [6]
that randomly distributes files across disks of similar
speed to improve performance. We use a variation of
Hibernator because the exact implementation requires
a RAID-5 configuration and migrates RAID blocks
rather than entire files.

Figure 5(a) illustrates the time required to complete
file migration for each of the three policies. On this
figure, a smaller value is better. This time is different
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Figure 5. (a) Migration time for GFS, PDC, and
Hibernator. (b) Migration size for GFS, PDC, and
Hibernator. ‘*’ indicates previous PDC migration
exceeded one hour. ‘+’ indicates previous Hiber-
nator migration exceeded one hour.

from tm in Section 3 because server requests (ta) are
interleaved with migration requests during this time.
For reference, the number of clients is overlaid on
the figure. PDC’s migration time follows the number
of clients very closely. Figure 5(b) shows the size of
each migration in gigabytes. We observe that PDC’s
migration sizes follow a similar pattern. Large mi-
grations near the beginning of the workload require
less time than similarly-sized migrations in the middle
of the workload because fewer server requests are
interleaved with the migration requests. At five hours
and seven hours, PDC performs large migrations that
require more than one hour to complete causing the
next migration to be delayed by an hour. These points
are indicated by a ‘*’ on Figure 5(a) and Figure 5(b).
PDC performs such large migrations under heavy load
that migration is unable to complete. We observe two
important phenomena with PDC. First, the majority
of files are migrated between high-speed disks. This
churn is unnecessary unless the high-speed disks ex-
ceed their bandwidth constraints. Second, the low-
speed disks’ utilizations become very low because their
files are migrated after being accessed.

Figure 5(a) indicates that Hibernator’s migration
time steadily increases because Hibernator randomly
shuffles files across all disks of a similar speed. As
more files are accessed, the migration time increases.
Similar to PDC, Hibernator performs large migrations
(indicated by ‘+’) under heavy load that do not com-

PDC Hibernator GFS ∆
Migration size 20.9 GB 27.4 GB 3.7 GB 82%
Migration time 1834 s 2474 s 228 s 88%
Average power 36.6 W 36.6 W 35.6 W 3%
Dropped Frames 0.20% 0.25% 0.075% 63%

Table 3. Average migration size, migration time,
average power, and dropped frames for policies. ∆
is percent improvement compared with the better

existing policy. Files are migrated every hour.

plete during the migration interval. The migration sizes
in Figure 5(b) begin to level off near the end of the
workload after all videos have been accessed. Regard-
less of activity level, the number of files migrated per
period will not decrease during our experiment.

In contrast to PDC and Hibernator, GFS generally
exhibits a low migration time. Since GFS jointly min-
imizes steady-state power consumption and migration
energy, many unnecessary migrations are removed.
GFS does not migrate files between disks of the same
speed because steady-state energy cannot be reduced
as a result of the migration. Figure 5(b) illustrates
that GFS performs few migrations after the first hour
because most popular files are already located on high-
speed disks. Furthermore, GFS tends to utilize low-
speed disks more effectively by avoiding the migration
of infrequently accessed files that gain little energy
savings by being stored on high-speed disks.

Table 3 summarizes the average migration size, mi-
gration time, power, and dropped frames for the three
policies. PDC moves an average of 20.9 GB of data
during each migration, requiring in excess of 30 min-
utes on average. Since many files are migrated between
highly utilized disks, 0.20% of frames are dropped
during the experiment. Hibernator improves steady-
state bandwidth by balancing the load across disks of
a similar speed. However, Hibernator drops 0.25% of
all frames because the policy migrates too many files
between disks to achieve steady-state improvements.
GFS significantly reduces the migration time and size
because GFS only migrates files when the steady-
state energy savings exceeds the migration energy. On
average, GFS migrates 3.7 GB of files between disks,
requiring less than four minutes. Since disks incur
less migration traffic, quality-of-service violations are
reduced to 0.08% dropped frames, an improvement of
63%. We also observe that GFS achieves comparable
power savings, reducing power slightly by 3%.

7. Discussion and Future Work

The experiments in Section 6 indicate that quality-
of-service for a streaming video server may be signifi-
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cantly improved while maintaining comparable energy
consumption by using GFS. An optimization to GFS
is to migrate files as they are read by the applica-
tion, reducing migration bandwidth. GFS migrates files
periodically to avoid a performance bottleneck if a
large number of files must be migrated simultaneously.
Future work may implement a combination of periodic
migration and event-driven migration to reduce migra-
tion bandwidth while avoiding migration penalties.

We utilize observations from our problem formula-
tion in Section 3 to narrow the massive search space.
Other heuristics to limit the search space may produce
additional quality-of-service improvements and energy
savings. In our future work, we intend to apply GFS to
different types of workloads and evaluate GFS’s effec-
tiveness in low-latency applications, such as databases
and web search. Furthermore, we intend to explore the
inclusion of an analytical trade-off between quality-of-
service and energy savings within our equations.

8. Conclusion

File system policies induce idleness in high-
performance servers by grouping frequently accessed
files together. This idleness may be exploited to reduce
power consumption. In this work, we present a file
system policy called Genetic File System (GFS) that
significantly reduces the number of files migrated be-
tween disks while maintaining bandwidth constraints.
GFS only migrates files when the steady-state energy
savings exceed the migration energy. Our experiments
with a streaming video server indicate that GFS may
reduce quality-of-service violations by 63% over ex-
isting approaches while maintaining similar power
savings by reducing the number of migrated files.
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