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Abstract—This paper presents a method that uses data buffers to create long periods of idleness to exploit power management. This

method considers the power consumed by the buffers and assigns an energy penalty for buffer underflow. Our approach provides

analytic formulas for calculating the optimal buffer sizes without subjective or heuristic decisions. We simulate four different hardware

configurations with MPEG-1, MPEG-2, and MPEG-4 formats as a case study. Our results indicate that the optimal buffer size varies

significantly for different data formats on different hardware. Simulation results indicate that 16 MB buffers are sufficient for MPEG-1,

MPEG-2, and MPEG-4 video streams from a microdrive or a network card, but transfers from an IDE disk require buffer sizes ranging

from 16 MB to 176 MB, depending on each video’s statistical properties.

Index Terms—Dynamic power management, optimal buffering, quality-of-service, streaming media.
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1 INTRODUCTION

DYNAMIC power management (DPM) [1] changes a
component’s power state when it is idle or under-

utilized. For example, when a hard disk is idle, the disk can be
shut down (“turned off” or “asleep”) to save power. The main
challenge in DPM is to correctly predict when a component is
idle because shutting down and restarting a component takes
time and additional energy. Hence, a component should be
shut down only if the overhead can be amortized across a long
period of idleness with sufficient energy savings. Some
methods use scheduling to explicitly create idle periods [2],
[3]. Some other methods model the interactions between a
service provider and a service requester as stochastic
processes [4], [5], [6]. In these methods, a queue is inserted
between the provider and the requester. The provider inserts
data into the queue as needed by the requester, which
processes the data. These methods shut down the provider
when the queue is empty and is expected to remain empty for
an extended period of time.

Some applications are better represented by a producer-

consumer model, such as streaming video over the Internet

or music playback from a local disk. In these systems, a

producer generates data that is consumed at a regular

interval. However, data sizes may vary between requests.

The main difference between the producer-consumer model

and the requester-provider model is that the data producer

proactively buffers data for the consumer, whereas the

provider is reactive and cannot produce data before the

requester sends a request. This relationship allows the

producer-consumer model to use prefetching, a common

technique for performance improvement. Prefetching may

also facilitate DPM. For example, a video player may
prefetch many frames and store them in a buffer. The
consumer retrieves the frames and displays them on the
screen, subject to the timing constraints (frames/s). The
producer may be shut down to save power when a
sufficient number of frames are stored in the buffer. Before
the buffer empties, the disk is turned on (“awakened”) to
fill the buffer. As multimedia devices become increasingly
portable, dynamic power management techniques become
more important.

More data should be stored in the buffer to amortize the
overhead of turing on the producer [7]. However, memory
consumes a nontrivial amount of energy in a computer
system. When the power consumption of the buffer is
considered, a large buffer may no longer be advantageous.
Hence, we need to find an optimal buffer size that is large
enough to amortize the overhead of DPM but small enough
to actually save power.

This paper builds upon our previous work using buffers
[8], [9], [10]. These works derive the optimal buffer size for
constant production rates and uncertain consumption rates
with a subjective penalty for quality-of-service (QoS)
violations due to buffer underflow. This paper extends
our previous work in three ways:

1. We remove subjectivity from optimal buffer sizes by
restructuring the problem. The new method allows
system designers to specify a quantitative and
objective measure for QoS and solve for the optimal
buffer size that satisfies the criterion.

2. The energy savings for the statistically optimal
policy are determined by simulation for MPEG-1,
MPEG-2, and MPEG-4 video trace playback from
four different hardware configurations. We use disks
and network cards as the examples of producers in
this paper, but our method is applicable to any two
interacting components with a buffer between them.
We use MPEG videos as examples. Other types of
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data streams, such as audio or other video formats,
can also benefit from our approach. The results
suggest that the optimal buffer size is not necessarily
large and is available in desktop or handheld
computers.

3. We analyze the sensitivity of the optimal buffer size
and energy savings to changes in hardware and
consumer parameters. We also predict the amounts
of energy savings in future technology with lower
awakening energy or memory power.

2 BACKGROUND

2.1 Dynamic Power Management

DPM methods have been proposed to manage different
types of components, such as processors [2], [3], [11], hard
disks [12], [13], network cards [14], and sensor nodes [15],
[16]. The basic concept of DPM is predicting when a
component is idle or underutilized. Then, the component is
shut down or its performance is scaled down. The main
differences among existing methods are their approaches to
predicting idle periods.

Shutdown algorithms predict when a component is idle
and shut down the component [1], [17]. Krishnan et al. [18]
compare the decision to spin down a hard disk with the
decision to buy merchandise. Spinning the platters con-
tinuously consumes energy; this is analogous to paying rent
regularly. The disk is shut down if it remains idle for an
extended period of time. This is similar to buying the
merchandise and keeping it for a long duration. Hwang and
Wu [12] use exponential averages of recent idle period
lengths to predict the length of future idle periods. If the
predicted length is longer than the break-even time of the
component being managed, the component is shut down.
The break-even time of a component is the minimum length
of an idle period required to save energy [1]. Ramanathan
and Gupta [13] present an adaptive algorithm that im-
proves prediction by assuming that the lengths of idle
periods follow a probability distribution function. Benini
et al. [4] use stationary Markov models to predict idleness.
Request arrivals are modeled as stochastic processes; the
method uses stochastic optimization to determine when to
shut down a component. Simunic et al. [14] use time-
indexed semi-Markov models to predict the idleness of
wireless network cards. Chung et al. [5] present a strategy
that handles idle periods with nonstationary distributions.
The previous methods use discrete-time Markov models.
The drawback is that management decisions occur only
periodically. Qiu et al. use continuous-time Markov models
[6] and generalized stochastic Petri nets [19] to make DPM
decisions asynchronously and guarantee QoS. Simunic et al.
[20] add time indices so that management decisions can be
triggered by time events.

In many applications, devices do not remain idle long
enough to shut down. Gurumurthi et al. [21] propose
dynamically changing disk speeds to match workload. It is
not always possible to match a disk’s speed with a stream’s
bit rate because the rate varies from one video to another.
Even for the same video, the rate is not a constant due to the
variations of scenes and frame types. Research has also been
conducted to extend idle periods and facilitate shutdown.

Bertozzi et al. [7] study a method with data buffering for a
network card. All network packets are inserted into a buffer
while the network card remains in a low-power state. When
the buffer reaches its capacity, the network card is
awakened and all data in the buffer is transmitted. When
the buffer empties, the network card returns to a low-power
state. Their results show the minimum buffer size as a
function of the network bandwidth and indicate that buffers
should be as large as possible. By using large buffers, the
awakening overhead energy is amortized across a longer
interval, increasing power savings. Ramachandran and
Jacome [22] employ dedicated caches and application
partitioning to produce idleness. Streaming data is pre-
fetched into a dedicated cache; frequently used constants
and variables are stored in a scratchpad memory to limit the
number of external memory references.

2.2 Dynamic Memory Management

Dynamic Random-Access Memory (DRAM) is organized
into sets of rows and columns called banks. Modern
DRAMs provide low-power modes where each bank may
be put into a different mode. The size of each bank and the
number of low-power modes vary by technology. Bank
sizes of 16 MB with at least one low-power mode are typical
for both synchronous DRAM (SDRAM) and Rambus
DRAM (RDRAM). A bank must be in the active state to
provide data. Nonactive banks may be put into states where
data is retained or where data is destroyed. If a bank is put
into a low-power state where data is retained, the bank
must merely be awakened to provide data. If the bank is put
into a state where data is destroyed, then an access to that
bank is handled like a page fault, where data must be
recovered from a storage device. Subsequently, data should
only be destroyed when the idleness exceeds the cost of
storing and recovering data from storage. In general, the
lower the power mode, the longer the time required to
return to the active state where data requests may be
served.

Fig. 1 shows the power states for a 128 megabit RDRAM
[23]. Each state is represented by a vertex. The power
consumed in each state is labeled within the vertex. State
transitions are represented by arrows. The latency for each
state transition is provided near the arrow. If a transition
arrow does not have a latency, the transition is assumed to
occur immediately. RDRAM has three active states: read,
write, and attention. The device is active but not currently
serving a request in the attention state. Upon receiving a
read or a write request, the device transitions to the
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Fig. 1. Power model for 128-Mbit Rambus Direct RDRAM. Memory may

be shut down in 16 MB blocks.



appropriate state. The device supports three low-power
states: standby, nap, and power-down. All of these states
retain data but consume less power than the attention state.
However, they all incur transition latency. The standby
state has a 2.5 ns latency to enter the state, but responds
immediately to requests. The nap and power-down states
require 20 ns to enter their states and 50 ns and 22.5 �s to
respond to requests, respectively. Many memory devices
are configured to enter the standby state immediately after
serving requests. When transitioning between states, the
power consumption is equal to that of the attention state.
Since most memory buses are synchronous, a significant
delay may cause bus errors, requiring operating system
attention to restart the operation [24]. These errors may
occur whether memory power management is handled in
software or in hardware. Hence, time and power overhead
are associated with state transitions.

A significant amount of research has been dedicated to
creating opportunities for memory power management.
Lebeck et al. [25] model a power-aware RDRAM, based on
the Direct RDRAM specification, where the current power
state can be controlled by a power manager. They use this
model to create power-aware page allocation schemes that
adjust the memory power state based on the required
amount of physical memory. Pisharath and Choudhary [26]
reduce energy consumption within the memory hierarchy
by using “Energy Saver Buffers.” These buffers hold data
waiting to be written back to the next highest level of
memory until the memory is returned to an active state.
Delaluz et al. [24] demonstrate that instructions for memory
state transitions may be inserted at compile-time to help
determine when to change power states. Their work also
adopts an RDRAM model. Hu et al. [27] propose a model
called cache decay, where cache lines are put into a sleep
state after a preset timeout interval. Hu et al. note that cache
lines are usually subject to bursty activity shortly after being
loaded and remain inactive for an extended time before
being overwritten by new data. Cache decay exploits this
behavior by counting the cycles between accesses and
powering down inactive cache lines. While data is
obliterated by deactivating the individual cache lines,
simulation results indicate that miss rates resulting from
sleeping cache lines are acceptably low. They also suggest
that cache decay is useful at all levels of the memory
hierarchy, provided that timeouts increase to avoid high
miss rates. Chen et al. [28] use garbage collectors within the
Java Virtual Machine to reduce the amount of live memory
within the heap. Ramachandran and Jacome [22] turn off
banks of main memory while decoding MPEG-2 video to
save power.

2.3 Quality-of-Service

Researchers have employed many techniques for handling
quality-of-service (QoS). Qiu et al. [29] define a network-
centric QoS in terms of delay, jitter, and loss rate. They
provide techniques for optimizing power consumption by
specifying a buffer size and requirements on any two of the
three features. Chase et al. [30] adopt an economic model
that accepts bids for resources, guaranteeing the best
available resources to the highest bidder. Flinn and
Satyanarayanan [31] define QoS by the term fidelity. The

output quality is changed based upon the user’s preferences
and energy required to finish a task successfully. For
example, a video may decrease in resolution or bitrate as
batteries discharge, allowing the video to complete before
losing power. We adopt a simple description of QoS by
defining it in terms of data availability. That is, QoS is
maintained if and only if the necessary data is immediately
readable upon request, possibly in a buffer. If the data is
located on a sleeping producer, the data cannot be
immediately provided; thus, a QoS violation occurs.

2.4 Optimal Reordering Problem

The Optimal Reordering Problem is a well-studied problem
in the field of operations research [32]. This problem
involves choosing the number of products to order to
minimize the expense due to storage space and shipping
overhead. For example, consider a computer retailer where
customers buy computers at a demand that varies from
month to month. Reordering stock includes a fixed
processing cost and a shipping cost proportional to the
amount of stock. Storage space is required for all unsold
stock and has a cost. Consumers who cannot receive a
computer at the time of service become disappointed and
may not return for future purchases.

Parallels exist between the Optimal Reordering Problem
and DPM. Consider an application to be the customer
trying to collect data (computers) from a buffer (store). The
application consumes data at a variable rate dependent
upon scheduling and file size. Awakening a storage device
(factory) entails fixed energy overhead and static power
while data is buffered. The buffered data requires memory
space and its associated static power. If an application
cannot retrieve data from a buffer due to underflow,
execution is delayed until the storage device awakens to
provide more data. Since the application may have
performance guarantees, a penalty must be assigned to
indicate unsatisfactory performance. This is similar to the
customers’ dissatisfaction described in the previous exam-
ple. Therefore, a strong relationship exists between the
Optimal Reordering Problem and DPM.

2.5 Overview of MPEG

Our study focuses upon MPEG video because of MPEG’s
popularity, but our method can easily be extended to other
streaming media formats. The Moving Pictures Experts
Group (MPEG) encoding defines compression techniques
for video and audio media [33]. A unit of a video is the
frame. Each frame is divided into a grid of macroblocks.
MPEG videos consist of three types of frames: intrapicture
frames, predicted frames, and bidirectional frames. These
types are referred to as I-frames, P-frames, and B-frames,
respectively. I-frames represent complete pictures and serve
as a reference point for the other two frame types. P-frames
predict the motion of pixels by vectors representing the
future position of macroblocks that change from the
previous I or P-frame. Since they consist of less information,
P-frames are smaller in data size than I-frames. B-frames
contain motion prediction between the previous and the
next I or P-frame. While bidirectional prediction increases
the computational complexity of decoding, its use increases
signal-to-noise ratio and further decreases data size. An
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I-frame and the set of frames before the next I-frame are

defined as a group-of-pictures (GoP). The number of frames

in a GoP is usually constant in a video.

2.6 Contributions

1. An important contribution of our work is the ability
to analytically determine the necessary changes in
buffer size as the work environment changes.
Existing studies provide only heuristic rules for
estimating buffer sizes [7], [11], [34] or require
extensive simulations to determine the sizes [22].

2. Our work considers the power of the buffer and
computes the buffer size for optimal power savings.
Very little of the existing work considers the power
of the buffer. Bertozzi et al. [7] propose a heuristic
buffering technique where the buffer size is as large
as reasonably possible and quality-of-service is
evaluated by the probability of underflow. When
the power of the buffer is considered, large buffers
may not be optimal.

3. We evaluate the effectiveness of our DPM policy by
simulation with MPEG-1, MPEG-2, and MPEG-4
video traces on four hardware configurations.
Bertozzi et al.’s technique is used to buffer data for
transmission over a wireless network. Since their
application exhibits similar locality to streaming
media, we use their heuristic methodology for
comparison. We also compare our DPM policy
against other heuristic buffer sizes to demonstrate
the ability of our technique to handle variations in
workload and hardware gracefully.

4. We evaluate the sensitivity of optimal buffering to
variation in several hardware parameters and com-
ment on the effectiveness of buffering techniques as
more advanced hardware becomes available.

3 PREFETCHING FOR POWER MANAGEMENT

The following section develops analytical expressions for

optimal buffer sizes with DPM. Table 1 has been included

as a reference for the symbols used throughout the
derivations. The first column denotes the symbol. The
second column contains the section where the symbol is
first defined. The third column holds the definition for the
symbol within the context of the derivation. The last column
states the physical units for the symbol.

3.1 Problem Description

Fig. 2 illustrates the basic problem for power management
using a data buffer. The producer stores data into the buffer
at rate � (MB/s) and the consumer removes data from the
buffer at rate � (MB/s). During t1, the amount of data stored
in the buffer grows at rate �� �. At the end of t1, the
producer is shut down. In total, �t1 MB are produced; let S
be this amount. Let Q be the maximum amount of data
stored in the buffer. The consumer continues removing
data, so the amount of data in the buffer declines at rate �. It
takes t2 to remove all the data in the buffer. The producer is
turned on at the end of t2 to restart data production. Our
goal is to find the values of S, Q, t1, and t2 to achieve the
maximum power savings of the producer.

Assumption 1 (� is a constant). The production rate is
dependent upon the bandwidth of the producer. This assump-
tion is reasonable for many applications, such as a CD-ROM.
In this case, the production rate is limited by the data bus and
the CD-ROM’s bandwidth. While some conditions may lead to
slight fluctuations in � (i.e., rereading a sector after detecting
an error), we use the average production rate for our
derivations. The effect of � on buffer parameters and energy
savings is covered in greater detail in Section 5.

Assumption 2 (� is a constant). The consumption rate is
dependent upon the application that requires the streaming
data. This is a simplifying assumption when calculating buffer
sizes for deterministic consumption rates and will be relaxed in
Section 3.3.

Assumption 3 (� > �). If the consumption rate � exceeds the
production rate �, the buffer never fills.

There are three components consuming power: the
producer, the buffer, and the consumer. Since the consumer
continues removing the data from the buffer, its power
consumption is not affected by DPM. Our analysis does not
consider the consumer’s power. Two additional assump-
tions are used to calculate average power consumption.

Assumption 4 (Buffer retention power is proportional to

stored data). The buffer’s power consists of two components:
a static component representing access power and a dynamic
component representing the amount of data within the buffer.
Modern memory may be shut down in banks (as described in
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Section 2.2). For derivation, we assume that the retention
power consumption is proportional to the amount of data
stored in the buffer with single-byte granularity. We discuss
the impact of this simplifying assumption in Section 3.7.

Assumption 5 (Producer can be turned on with no delay).
The producer incurs no delay when changing power states.
This is a simplifying assumption for calculating buffer sizes
for deterministic consumption rates and will be relaxed in
Section 3.3.

3.2 Buffer Size and Period Length

Suppose the producer’s average power is pp during t1. The
producer consumes no power during t2 because it is turned
off. The power consumed by the buffer is composed of two
parts: a component pb representing access power (W) and a
component pb;mb for the power required to retain a unit size of
data (W/MB). The energy overhead to turn on and off the
producer is k. Let T ¼ t1 þ t2; this is the length of a period.
Since the required buffer size isQ, the power consumed by the
filled buffer is pb þQpb;mb. From Fig. 2, we can see that Q ¼
ð�� �Þt1 ¼ �t2 and obtain the relationships t1 ¼ �

� T ,
t2 ¼ ���

� T , and Q ¼ ���
� �T . The energy consumed by the

p r o d u c e r a n d t h e b u f f e r i n e a c h p e r i o d i s
ppt1 þ pbT þ pb;mbQT þ k. The average power is

ppt1 þ pbT þ pb;mbQT þ k
T

¼
pp

�
� T þ pbT þ pb;mb

���
� �T 2 þ k

T

¼ pp
�

�
þ pb þ pb;mb

�� �
�

�T þ k

T
:

By taking the first derivative with respect to T , we can find
the condition for the minimum average power:

T ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

k�

pb;mb�ð�� �Þ

s
; ð1Þ

Q ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k�ð�� �Þ
pb;mb�

s
: ð2Þ

The formulas indicate that when the DPM overhead (k) is
large, the length of the period should be longer (/

ffiffiffi
k
p

). The
buffer size (Q) is also larger. On the other hand, when the
buffer power per unit data (pb;mb) is large, the buffer size
should be smaller (/ 1ffiffiffiffiffiffiffi

pb;mb
p ). The period and the buffer size

are also affected by the producing and consuming rates (�
and �). The memory’s access power pb has no effect on the
optimal buffer size. The amount of prefetched data is

S ¼ �t1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

k��

pb;mbð�� �Þ

s
: ð3Þ

The average power consumption after inserting the

buffer is pp
�
�þ pb þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pb;mbk�ð���Þ

�

q
. The average power without

the buffer is pp. The saved power is

pp � pp
�

�
� pb �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pb;mbk�ð�� �Þ

�

r

¼ ppð1�
�

�
Þ � pb �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pb;mbk�ð�� �Þ

�

r
:

If this is positive, adding the buffer and shutting down the

producer can save power. The percentage of power savings

is ðð1� �
�Þ �

pb
pp
� 1

pp

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pb;mbk�ð���Þ

�

q
Þ � 100%.

3.3 Uncertain Consumption Rate and Awakening
Delay

The previous section assumes a constant consumption rate,

�, and no awakening delay. In reality, the consumption rate

may vary and the awakening delay may be significant.

Assumption 6 (The awakening delay, �, is a constant). Let

� be the awakening delay for the producer. The awakening

delay is a component-specific parameter. The delay ranges from

several milliseconds for a processor to a few seconds for a hard

disk. The optimal state transition and buffer size can be

determined by comparing the energy consumptions between

states and choosing the transition with the lowest energy.

Assumption 7 (The consumption rate, �, is a random

variable). Suppose  ð�Þ is the probability density function of

� and �ð�Þ is the cumulative distribution function,

�ð�Þ ¼
R �

0  ð�Þd�. Let � be the expected value of �,

� ¼
R1

0  ð�Þ�d�.

Assumption 8 (� > �). If the expected consumption rate �

exceeds the production rate �, the buffer will eventually

underflow.

Fig. 3 shows the new strategy when � is uncertain and �

is nonzero. The producer is awakened when w MB of data

remain in the buffer. The value of w is called the awakening

point. After �, the producer starts producing data at rate �

and stores the excess data into the buffer.

Assumption 9 (� � t2). We intend to preawaken the device to

prevent underflow. � represents the awakening time of the

producer. If � > t2, the producer must awaken before it is

asleep.

Suppose S MB of data is produced, S ¼ �t1. In steady-

state operation, the consumer removes all prefetched data

in a period. Hence, the expected length of a period is
S
� ¼ t1 þ t2. When the producer starts producing at the

beginning of t1, the expected amount of data in the buffer is

w� ��. The producer fills the buffer at the expected rate of

�� �. After t1, the expected amount of data in the buffer is

Q ¼ w� �� þ ð�� �Þt1. This represents the total buffer size.
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3.4 Energy Penalty for Underflow

A large w keeps more data in the buffer after � so more
energy is consumed by the buffer. On the other hand, a
smaller w increases the probability of buffer underflow.
Buffer underflow means that the consumer cannot obtain the
data it needs. For video prefetching, buffer underflow is
manifested by disrupted frames. Hence, w should be
sufficiently large to prevent underflow. We quantify the
quality-of-service (QoS) by assigning an energy penalty when
buffer underflow occurs. Let � be the energy penalty for each
MB of underflowed data. This value represents the reduction
in service; it is dependent upon application. If underflow is
unacceptable, � is very large. The advantage of using an
energy penalty for QoS is that we can explicitly trade off
between the energy consumed by the buffer and buffer
underflow. The penalty occurs only if the consumed data
exceeds w, i.e., �� > w, over the interval �. The amount of
underflow is the data consumption in excess of w multiplied
by the probability of data consumption at that level. Let fðwÞ
be the penalty energy: fðwÞ ¼ �

R1
w
�
 ð�Þð�� � wÞd�. In the

next subsection, we explain how to use � to specify the
probability of underflow.

3.5 Optimal Buffering

The total expected energy consumption in a period is the

sum of the energy consumed by the producer: ppt1 þ k, the

buffer: pbðt1 þ t2Þ þ pb;mbððw� ��Þ þ ð�� �Þt1Þðt1 þ t2Þ, and

the underflow penalty: fðwÞ. The expected length of a

period is t1 þ t2 ¼ S
� . Also, S ¼ �t1 because all prefetched

data is consumed within a period in steady-state operation.

We use S instead of time to simplify the optimization

process. The expected power consumption in one period is
ppt1þk
t1þt2 þ pb

t1þt2
t1þt2 þ

pb;mbððw���Þþð���Þt1Þðt1þt2Þ
t1þt2 þ fðwÞ

t1þt2 . Therefore, the

expected power consumption pe in one period is:

pe ¼
pp�

�
þ k� þ fðwÞ�

S
þ pb þ pb;mbðw� ��Þ

þ pb;mbð�� �Þ
S

�
:

ð4Þ

We find the partial derivatives with respect to S and w to
compute the values that minimize pe:

@pe
@w
¼ pb;mb �

��
R1
w
�
 ð�Þd�
�S

¼ 0; ð5Þ

@pe
@S
¼ pb;mbð�� �Þ

�
� k� þ fðwÞ�

S2
¼ 0: ð6Þ

The condition to have a minimum average power is
@2pe
@S2

@2pe
@w2 � ð @

2pe
@S@wÞ

2 > 0; otherwise, the solutions S and w
represent a saddle point of pe. We can simplify the
expression as

2
k� þ fðwÞ�

S3

�� ðw=�Þ
�2S

�
��
R1
w=�  ð�Þd�
�S2

 !2

¼ ��2

�2S4
2 

w

�

� �
ðkþ fðwÞÞ � �

Z 1
w
�

 ð�Þd�
 !2

2
4

3
5:

Since this is not necessarily positive, a minimum average
power may not exist. Suppose a minimum does exist. Let S�

and w� be the solutions for this minimum average power.
Since Q ¼ w� � �� þ ð�� �Þt1 and �t1 ¼ S�, we can also
compute the required buffer size Q�. The derivation is
similar to finding the optimal reorder points as explained in
[32], where ordering cost, holding cost, and shortage cost
are analogous to producer power, buffer power, and
underflow penalty, respectively.Z 1

w�
�

 ð�Þd� ¼ pb;mb�S
�

��
; ð7Þ

S� ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
��ðkþ �

R1
w�
�
 ð�Þð�� � w�Þd�Þ

pb;mbð�� �Þ

s
: ð8Þ

We define the probability of underflow as the likelihood
that the amount of data consumed during � is greater than
w. This can be translated directly into a QoS specification.
Let 	 be the probability of underflow. Given a value of w
and the consumption rate  ð�Þ, the probability of under-
flow is:

	 ¼
Z 1
w�
�

 ð�Þd�: ð9Þ

A system designer can specify a quantitative value for 	
based upon the specific application. A low value for 	
indicates high QoS. In (9), w� is the only unknown
parameter, indicating the minimum awakening point that
can satisfy the requirement 	. Therefore, the value of w� can
be computed numerically. A system designer can determine
� from 	. We derive two closed form equations from (7)-(8)
to solve for S� and �, leading to a result for the optimal
buffer size Q�.

S� ¼ ��	

pb;mb�
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
��ðkþ �

R1
w�
�
 ð�Þð�� � w�Þd�Þ

pb;mbð�� �Þ

s
;

��	

pb;mb�

� �2

¼
�� �

R1
w�
�
 ð�Þð�� � wÞd� þ k

� �
pb;mbð�� �Þ

;

a�2 þ b�þ c ¼ 0; ð10Þ

where ða; b; cÞ are defined as:

a ¼ �	

pb;mb�

� �2

;

b ¼ ���
pb;mbð�� �Þ

Z 1
w�
�

 ð�Þð�� � w�Þd�;

c ¼ ���k
pb;mbð�� �Þ

;

S� ¼ �	

pb;mb�
�; ð11Þ

Q� ¼ w� � �� þ ð�� �ÞS
�

�
: ð12Þ
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The value of � we find for w� allows us to minimize pe
with respect to S�. This is because our equations are derived
from (5)-(6), which solve for points S� and w� that minimize
pe. Because w� is derived from the underflow criterion 	, we
can analytically quantify QoS in our optimization.

3.6 Analysis

The density function  ð�Þ is nonnegative, so
R1
w
�
 ð�Þd�

decreases as w grows. From (7), we note that when
pb;mb increases, w� should decrease. This is intuitive: When
pb;mb is large, the buffer memory consumes more power.
Thus, w� should be small to keep the amount of data in the
buffer lower. When � increases, w� also increases to reduce
the probability of underflow. When � is large, the consumer
removes data from the buffer quickly. As a result, w� should
be larger. Because

R1
w�
�
 ð�Þd� � 1,

pb;mb�S
�

�� must not exceed
one. Fig. 4 details how � and w� change with 	 for one of our
sample videos (V2 using an IBM microdrive). Complete
details about the videos and experimental setup are
explained in Section 4.1. As 	 increases, the QoS require-
ment is reduced. The penalty � decreases because under-
flow is less important; similarly, w� decreases. When 	
decreases, the QoS requirement becomes more stringent.
Subsequently, the values of � and w� increase to reduce the
probability of underflow.

Comparing (3) and (8), we find two differences. The
constant rate � is replaced by the expected rate �. S� also
includes the underflow penalty. When � is larger, the
penalty is higher. As a result, S� increases to amortize the
cost of QoS violations across a larger interval. Finally, the
buffer size Q� in (12) is different from Q in (2) because the
producer starts filling the buffer when there are w� � �� MB
of data in the buffer. Q� includes this expected amount of
data. When the density function  ð�Þ is known, we can
calculate w� and S�.

Existing work indicates that a producer’s power savings
can be maximized by choosing as large a buffer as possible
[7]. Our mathematical model in (4) verifies that increasing
S� reduces the impact of the awakening energy k. The
producer’s average power pp remains unaffected by chan-
ging the buffer size. Given this observation and the fact that
the producer’s power consumption is often one or two
orders of magnitude greater than the buffer’s retention
power, a simple solution to the buffer insertion problem is
to prefetch the entire data stream. This solution minimizes
the producer’s total energy consumption because it is active
for the minimum amount of time to produce the data.
However, the calculations reveal the fallacy of this

approach. The producer’s average power pp is multiplied
by �

�. In many cases, � is much larger than �. For example,
an MPEG-1 video may have a bitrate of � ¼ 50 kB/s
(400 kbits/s), whereas an IBM 2.5’’ TravelStar disk has � ¼
17:6 MB/s. Subsequently, the producer’s average power is
multiplied by 0.003, reducing the producer’s average power
over a period by two orders of magnitude. Conversely, the
buffer’s retention power is multiplied by ���

� ¼ 0:997 and
the size of the buffer, indicating that the buffer consumes
more power than the producer over a period. The simple
solution only maximizes power savings if � is near � or the
producer’s average power greatly exceeds the buffer’s
retention power and the stream is short. The optimal
buffering technique will yield the same results as the simple
solution under these conditions. We believe that our work is
the first study with an analytic solution to calculate the
optimal amount of prefetched data and buffer sizes for
power management.

3.7 Modifications for More Practical Hardware
Models

The previous subsections derive an optimal buffer size and
awakening point for a memory model where memory may
be shut down with single-byte resolution. This assumption
is not consistent with current memory technology. As
explained in Section 2.2, SDRAM and RDRAM have a
minimum resolution of 16 MB. To account for this
discrepancy, we note that the average power pe is convex
with respect to the buffer size Q. This trend is evident from
the mathematics. Note that each function exhibits a strict
global minimum; this is the optimal buffer size computed
from (10)-(12). Since pe is convex, the optimal discrete buffer
size must be either nbQ�n c or ndQ�n e, where n represents the
resolution of a single bank (n ¼ 16 MB, in our case). That is,
all other discrete buffer sizes will consume a higher pe than
the two neighboring buffer sizes. To find the optimal
discrete buffer size from our equations, the optimal buffer
size is selected assuming single-byte resolution using (10)-
(12). Then, the average power of the neighboring discrete
buffer sizes are computed using (4). The discrete buffer size
with the lowest average power is selected. Hence, our
optimal technique can locate the optimal buffer size, even
when memory must shut down in discrete quantities.

Many producers still consume small amounts of power
in the off state. We assume that this quantity is zero in our
derivation to simplify explanation. We now illustrate how
to include this power within the optimal buffer calculations.
Recall that the producer’s energy consumption for a
complete period is ppt1 þ k. Now, suppose that the power
consumption in the off state is pp;off . Then, the producer’s
total energy over T becomes:

Ep ¼ ppt1 þ pp;off t2 þ k
¼ ppt1 þ pp;offðT � t1Þ þ k

Ep ¼ ðpp � pp;offÞt1 þ pp;offT þ k:
ð13Þ

Both of the power terms can be merged into the other
terms for computing pe and do not alter our final equations
(10)-(12). However, we must consider the additional terms
when determining if power management can save energy.
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Fig. 4. Underflow penalty � and awakening point w� as probability of

underflow 	 changes.



4 EXPERIMENTS

4.1 Simulation Setup

The effectiveness of our DPM policy is evaluated by a
MATLAB simulation. This simulation models two hard
disks, two network cards, and an RDRAM buffer for
playback of an MPEG video trace. The video traces are
constructed using a modified version of the MPlayer [35]
media viewer (version 1.0pre4-3.3.3) and consist of frame
type and size. An IBM 1 GB microdrive, an IBM
2.5’’ TravelStar IDE disk, and a Netgear PCMCIA network
card act as producers that generate data for a Rambus
RDRAM buffer. The parameters for the producers are
extracted from manufacturer datasheets and physical
measurements in our previous work [8], as shown in
Table 2. We obtain the bandwidth of each hard disk by
using the command hdparm in Linux (hdparm -t). We
measure the power of the hard disk without applying any
workload to determine the static power of the hard disk. To
obtain dynamic power, we measure the disk’s power
consumption under different data read rates (MB/s). After
subtracting the static power, we divide the differences by
the rates. We use the average value of these quotients as the
dynamic energy for reading 1 MB of data. Together, these
two measures can be used to compute the producer’s
average power pp when prefetching data. We determine k
by measuring the energy consumed by the hard disk when
it is turned on. We will refer to the IBM microdrive as
“Microdrive” and the TravelStar disk as “IDE.”

To determine the characteristics for the Netgear
PCMCIA network, we perform measurements with a
National Instruments data acquisition card. We send a
stream of packets over the network to measure the average
power pp. To find k, we measure the energy between the
wake-up command and the first packet’s transmission. We
consider two applications for this network card: a local-area
network (LAN) and a wide-area network (WAN). The
production rate of each case and hardware parameters of
the network card are provided in Table 2. To find the
production rate of each case, we transferred many large files
over the network and determined the average data
transmission rate. The WAN is much slower than the
LAN because their packets must traverse more hops before
arriving at their destination. We choose a 0.01 percent
probability of underflow (	) for our experiments.

We use the memory model described in Section 2.2 for
RDRAM. When banks of memory are idle, they are reduced
to the nap state. We select the nap state because transition
back to the active state incurs little overhead with respect to
the power-down state. We set the memory’s static power to
the average of the read access power and write access

power. This models the scenario where one bank of
memory is being read half the time (reading data from
buffer) and written half the time (prefetching data into
buffer). While the access pattern may vary, we choose this
static power because it represents near worst-case access
power. That is, inserting memory idle periods will reduce
access power consumption, leading to a subsequent in-
crease in the energy savings and effectiveness of our
methodology.

All measured energy savings for our method and
comparison methods are referenced against a system
without power management using MPlayer. The reference
system includes a small memory buffer to handle variations
in data production. This configuration is similar to how
media players are actually implemented. In particular,
MPlayer uses a one-frame buffer when reading from local
devices and a buffer of less than 1 MB when reading from
network devices. Hence, the power for a single bank of
memory must be attributed to the reference system, despite
the absence of power management.

Table 3 contains the characteristics of all the MPEG-1,
MPEG-2, and MPEG-4 videos used in our study, sorted by
type and bit rate. These videos represent a broad range of
scenes, including different levels of motion. Since the videos
are encoded using different tools, the videos exhibit
different resolutions, frame rates, compression, and GoP
formats. Consequently, the selected videos provide a
representation of the workload many streaming applica-
tions may expect.

Although we simulate each video on each device, we note
that the bit rates for some videos exceed the production rate of
some devices. For example, the MPEG-2 videos cannot be
played over the wide-area network because the I-frames
of the lowest bit rate MPEG-2 video (� ¼ 438 kB/s) exceed
the production rate (� ¼ 443 kB/s). Although � > �, the
producer cannot prefetch quickly enough to display each I-
frame in time. Each I-frame underflows, leading to large
underflow penalties. However, each I-frame would under-
flow on the reference case as well. We will note each video
where the hardware is incapable of supporting full QoS
without power management with the symbol “–” in Table 3
and Table 4.

Our prefetching technique requires knowledge of the
probability distribution  ð�Þ. We adopt Chung et al.’s
approach [5], where statistical information is embedded at
the beginning of each video. The size of each frame in bytes
in sequential order is sufficient to generate an exact
probability density function. Since frame sizes are integer
values, we can use radix sort to generate �ð�Þ in linear time.
The increase in video size is negligible as each frame size
can be represented by four bytes. This equates to an
additional 120 bytes per second in a 30 frames per second
video. In (9)-(12), the integrals represent the amount of data
consumed during �. The function  ð�Þ can also be
computed in linear time from the sequential ordering of
frames. Given the frame rate, we can compute the number
of frames (nf ) that occur during �. Then, we iterate through
the frames and compute the size of each set of nf sequential
frames. This data can be used to generate  ð�Þ.

PETTIS ET AL.: STATISTICALLY OPTIMAL DYNAMIC POWER MANAGEMENT FOR STREAMING DATA 807

TABLE 2
Hardware Parameters

Local and wide-area networks use the same device but have different �.



4.2 Optimal Buffering

Fig. 5 exemplifies the difference in power consumption
between a buffered configuration and our reference config-
uration based on MPlayer’s implementation. The upper plot
indicates power consumption for each system over time.
The dashed line represents the average power consumption
of the reference configuration over a single period. The
solid line indicates the power consumption of the buffered
system. The lower plot shows energy consumption over
time. Without prefetch, the IDE disk is kept on continu-
ously. The disk and a single bank of RDRAM consumes
average power of 3.5 W. With the buffer, the producer’s
power varies. As the buffer is filled from the producer, the
overall power consumption is larger than the reference case
until point A. This is because more power is consumed,
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TABLE 4
Summary of Buffer Sizes, Awakening Points, and Energy Savings for All Videos

Buffer size Q� and awakening point w� are in units of MB. Energy savings are given in percent (%).

TABLE 3
Average Power and Total Energy Consumption for Each Video Using MPlayer on the Reference System

Fig. 5. Comparison of power and energy in buffered and reference

systems for video V2 using the IDE disk.



retaining data in the buffer. Subsequently, the energy
consumption exceeds that of the unbuffered system. At
point A, the disk is turned off, reducing the power
dissipation. The power is reduced until point B as the
buffered data is consumed. When the buffer reaches its
awakening point at point B, the power dissipation increases
for a short time due to the overhead associated with
spinning up the hard disk. After the IDE disk awakens at
point C, one period has been completed and the power
savings between the two systems can be evaluated. Since
the buffered system’s energy curve is beneath the reference
case, the buffering technique saves energy.

Recall from Section 4.1 that our experimental results are
referenced to the implementation of MPlayer, which does
not use power management techniques. We will refer to this
case as the “reference system” or, simply, the “reference.”
Table 3 shows the average power and total energy
consumed by the reference for each video on each hardware
configuration. These figures are presented to provide a
sense of scale for our energy saving results.

The optimal buffer energy savings and buffer sizes for all
videos are shown in Fig. 6. Note that each buffer size is a
multiple of 16 MB because we assume RDRAM with 16 MB
memory resolution. The energy savings of our technique
vary based upon the statistical properties of individual
videos. The optimal buffer sizes Q� are 16 MB for all videos
on the microdrive, LAN, and WAN, excluding video V12 on
the LAN. Because the bit rate of V12 is significantly higher
than the other videos, a larger buffer is required to facilitate
power management. In general, the buffer sizes increase as
the video data rate increases. This is consistent with (11),
where � increases. The value of w� ranges between 21 kB
(video V1) and 3.096 MB (video V12) for these devices,
increasing with the consumption rate. The value of w� must
be increased to maintain the same 	 as the lower
consumption rate. The awakening time � also plays a role
in computing w�. Since more frames are consumed during a
longer �, the device must have a higher w� to provide the
same QoS. Energy savings range between 9.6 percent
(video V13) and 0.2 percent (video V12) with an average
of 7.3 percent for the microdrive when compared to the
reference case. For the LAN, savings range from 26.4 percent
(video V13) to 18.5 percent (video V12) with an average of
24.6 percent. WAN savings are between 25.4 percent
(video V13) and 17.4 percent (video V18) with an average

of 21.0 percent. The WAN energy savings do not include the
MPEG-2 videos because their bit rates are too high to play
on the reference configuration without underflow. Energy
savings decrease as the consumption rate increases because
a longer portion of each period is devoted to prefetching
data. The values of Q� and w� for the microdrive and
network card can be achieved on a portable device such as
an iPod or PocketPC.

As with the microdrive and network card, the energy
savings for the IDE disk decrease as the consumption rate
increases. However, the optimal buffer size Q� varies
significantly across video formats. The MPEG-1 videos
indicate optimal buffer sizes between 32 MB (video V1) and
64 MB (videos V5 and V6). The MPEG-2 videos require
buffers from 96 MB (video V7) to 176 MB (video V12),
whereas the MPEG-4 videos have optimal buffer sizes
between 16 MB (video V13) and 64 MB (video V18). The
same general trend holds—higher bit rates require larger
buffers. Similarly, we observe that w� increases with bit rate
from 159 kB (video V13) to 6.89 MB (video V12). Energy
savings range from 58.0 percent (video V13) to 46.1 percent
(video V12) with an average of 54.7 percent. While these
buffer sizes are typically too large for embedded systems,
the buffer sizes are within reasonable size limits for
personal computers.

4.3 Oracle Buffering

When comparing DPM policies, it is often useful to know
the highest possible power savings. An Oracle DPM is a
policy that consumes the minimum amount of energy,
given complete a priori knowledge of a video’s frames and
hardware parameters. The Oracle DPM uses this informa-
tion to determine the most energy efficient method possible,
setting an upper bound on power savings. This analysis is
performed globally, avoiding local decisions that may
produce inefficiencies elsewhere. While our method is
statistically optimal, it does not consider global optimiza-
tion of incomplete periods (i.e., periods that do not prefetch
the full S� MB of data). An example is shown in Fig. 7.
Fig. 7a depicts the power consumption of our statistically
optimal DPM over a complete video. Each period’s prefetch
is determined using statistical information, but a few frames
remain at the beginning of the final period. The producer
must be awakened again to complete the video. In this case,
it would be more energy efficient to prefetch the small
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amount of data in the previous period to avoid awakening
the producer again. However, our DPM policy has only
statistical knowledge of future frames’ sizes, so it cannot
account for this situation. The Oracle DPM scheme in
Fig. 7b can avoid the unnecessary power consumption by
sizing each prefetch such that the additional period is not
needed to finish the video because it has complete knowl-
edge of the video. As videos increase in length, the waste
due to a short period is reduced. Finding the oracle power
savings is difficult because it requires global optimization in
the number of periods, the prefetch size, and the awakening
point for each period. Since the consumption rate varies, the
prefetch size and awakening point should also adjust
accordingly. The number of periods is affected by the
prefetch size; however, as shown in Fig. 7, the prefetch size
is affected by the number of periods. Hence, multiple
iterations are needed to find this oracle power savings.
Since this is impractical for long videos, we do not consider
the oracle power savings.

4.4 Heuristic Buffering

Since finding the Oracle DPM power savings is difficult, we
compare our method with heuristically sized buffers to
support our claim that our buffer size is optimal. Particu-
larly, we compare against Bertozzi et al. [7], who claim that
buffers should be as large as possible to maximize energy
savings. We consider the energy consumption of 16 MB,
32 MB, 48 MB, 64 MB, 80 MB, 96 MB, and 112 MB buffers for
the microdrive, LAN, and WAN. We use slightly larger
buffers (up to 256 MB) for the IDE disk because larger
buffer sizes are necessary to achieve optimal energy
savings. Bertozzi et al. determine an awakening point based
upon the probability of underflow. Thus, we assign their
DPM policy the same awakening point as our policy for
valid comparison. We will discuss the affect of the
awakening point on energy savings shortly.

Fig. 8 shows the average energy savings for the heuristic
buffer sizes for each hardware configuration. This figure
illustrates two key points. First, our optimal buffer size is
capable of finding the maximum energy savings for each
video. A simple comparison indicates that our optimal
buffer size exhibits energy savings greater than or equal to
each of the heuristic buffer sizes. The optimal energy
savings are equal to the 16 MB buffer sizes for the
microdrive and WAN because the optimal buffer sizes are
all 16 MB. The energy savings are nearly equal for the
16 MB buffer LAN because all but one video require 16 MB
buffers. The second point is that larger buffer sizes do not

necessarily save more energy when the memory energy is
considered. The mathematical justification is explained in
Section 3.6 and confirmed by the data in Fig. 8.

We now consider the effect of awakening point w� on
energy savings. Fig. 9 plots the average energy savings for
each heuristic buffer size over a range of awakening points.
We observe that no energy savings are achieved for small
awakening points. Awakening points less than w� experi-
ence large amounts of underflow. Subsequently, these
buffers pay a high QoS cost. Larger buffer sizes reduce
the impact of QoS penalty by shutting down the device less
frequently and amortizing the cost across a longer interval.
For example, the 80 MB and 96 MB buffers are capable of
saving energy for the microdrive for 256 kB awakening
points, unlike the smaller buffers sizes. Once the buffers
exceed w�, the power savings for the values of Q remain
relatively constant because underflow is no longer a
significant factor in energy consumption. In this region of
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Fig. 7. (a) Statistically optimal DPM only considers statistical properties

of a video. (b) Oracle DPM avoids excess periods by optimizing globally

with a priori knowledge.

Fig. 8. Energy savings for each heuristic buffer size with optimal

awakening point w� for each hardware configuration.

Fig. 9. Energy savings for each heuristic buffer size with optimal

awakening point w� for each hardware configuration.



the graph, the balance between awakening overhead and
buffer power consumption is key. Smaller buffers incur
more cost due to changing power states, whereas larger
buffers consume more memory power. This trade-off can be
observed by comparing the values of Q� at a fixed w�.
Consider the IDE disk for a 16,384 kB (16 MB) awakening
point. The average optimal value of Q� lies near 75 MB.
Consequently, the energy savings increase from 16 MB to
96 MB and decrease from 96 MB to 256 MB. The best energy
savings for the 256 MB buffer are near 50 percent, whereas
the optimal buffer saves 54.7 percent energy with respect to
the reference system. This demonstrates that large buffers
are not necessarily beneficial when the buffer’s energy is
considered.

The value of our analytical policy becomes evident by
considering that we can select the most effective buffer size
and awakening point based on data and hardware proper-
ties. Many mobile systems operate with constrained system
resources. By computing the optimal buffer size, valuable
memory resources are not wasted by oversizing the buffer.
Likewise, battery life is not wasted by selecting too small or
too large a buffer to maximize energy savings. Furthermore,
our technique is not limited to a single data type or hardware
configuration. We use MPEG videos in our experiments, but
no constraints prevent our optimal buffering technique from
being applied to other streaming data formats. As data types
change, our method is capable of identifying the optimal
point without additional measurement or computationally
expensive simulation. Our generic solution can also be
applied to any hardware configuration where the power
consumption properties and production bandwidth are
known. Hence, changes in hardware, application, and data
sets can be effectively handled quickly by using our
statistically optimal DPM policy.

5 SENSITIVITY TO PARAMETERS

This section explores the changes of the buffer parameters

and expected energy savings for changes in various system

parameters. Since our statistically optimal DPM policy is

analytical, the effects of technological advancement can be

determined analytically. The sensitivity of a system is the

ratio of change in a function y to incremental changes in a

parameter x [36]. The sensitivity can be calculated by

finding Syx ¼
@y
@x

x
y . For example, the sensitivity of S� to

variations in � is:
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From this result, we observe that the sensitivity of S� for
a given � depends only upon the expected consumption
rate � and the production rate � itself. By substituting for
the values of � and �, we can determine how S� varies for
small variations of �. Variations may occur due to many
factors, such as fragmentation and bus contention. In each
case, the value of � seen by the prefetching operation
decreases slightly. This analysis cannot be undertaken with
heuristically sized buffers.

The values of S�, w�, Q�, and energy savings for different
hardware parameters are included in Fig. 10, Fig. 11, Fig. 12,
and Fig. 13. We do not show the WAN configuration
because the results are similar to the LAN configuration.
The sizes of S�, w�, and Q� are indicated on the left vertical
axis. Energy savings are measured on the right vertical axis.
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Fig. 11. Buffer size, prefetch size, awakening point, and energy savings for each hardware configuration as a function of �.



These figures are constructed using video V2 by changing
the desired parameter and analytically solving for the
buffer parameters. We choose V2 because it is a long video
and provides many frames for statistical sampling. Each
horizontal axis is represented on a logarithmic scale. These
results do not consider the 16 MB memory shutdown
resolution. These figures demonstrate how changing system
parameters affects the performance of our DPM policy.
Since curves on some configurations are difficult to
distinguish, we describe a single configuration for each
figure and note any differences between the described
configuration and other cases. As technology progresses
with increasing producer bandwidth, increasing video
quality, decreasing awakening times, and memory retention
power, our statistically optimal DPM technique remains a
practical scheme for saving power in streaming video
systems.

Increases in � represent different bandwidths for storage

devices. Fig. 10 shows the buffer parameters S�, w�, and

Q� and the associated energy savings as the production

rate � increases. Observe the microdrive configuration.

The prefetch size S� decreases slightly as � increases.

Note that this curve matches the results from (14); the

slope of S� decreases as �!1. The buffer size Q�

increases slightly as the production rate increases because

data can be accumulated more quickly with respect to the

consumption rate. The buffer must be enlarged to handle

the increased capacity. The value of Q� exceeds S� for

large values of �. When �� �, Q� � w� �� þ S��
� . Since

�
� > 1 and w� �� � 0, Q� becomes larger than S�. The value

of w� is independent of � because w� is derived from  ð�Þ
and 	. The expected power savings increase with � because

the producer can sleep for a longer part of a period. Such

results demonstrate that our DPM policy will become more

effective in future applications. However, the savings

asymptotically approach a value of 8.06 percent because

an increasingly significant part of a period is occupied with

draining the buffer. Therefore, a point of diminishing

returns exists where increasing � makes no significant

increase in energy savings.
Increases in the expected consumption rate � denote

increases in video quality. Fig. 11 depicts the changes in S�,
w�, Q�, and energy savings as � increases toward �. This
limit exists due to Assumption 8 in Section 3.3. For this
figure, we consider the IDE configuration. As � approaches
�, the prefetch size S� increases rapidly. When the
difference between � and � is small, the buffer accumulates
data slowly. Subsequently, more data is required to reach
the optimal amount of sleep time for the producer. The
awakening point w� increases with the change in � because
more data is consumed during �. To maintain a constant
QoS, w� must increase. The buffer size Q� increases for
small values of � and decreases as � approaches �. Increases
in buffer size are necessary to handle increased prefetch
sizes at low �. As � becomes larger, less data accumulates in
the buffer. Thus, Q� decreases for � > 9:09 MB/s. Energy
savings are reduced as � approaches � because a larger part
of a period is allocated to prefetching. Eventually, the
energy savings become zero, indicating that no prefetching
scheme can save energy. The other configurations exhibit
similar trends. Increasing video quality requires longer
prefetches, but the buffer size Q� remains feasible for
personal computing devices.

As storage devices have become smaller, from 3.5’’ to
2.5’’ to 1’’ microdrives, the amount of time to awaken them
from low-power states has decreased. Fig. 12 shows the
changes in S�, w�, Q�, and energy savings as the awakening
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Fig. 12. Buffer size, prefetch size, awakening point, and energy savings for each hardware configuration as a function of �.

Fig. 13. Buffer size, prefetch size, awakening point, and energy savings for each hardware configuration as a function of pb;mb.



time � varies. Since changes in awakening time reduce
awakening overhead, we change k proportionally to �. This
maintains a constant awakening power, rather than energy.
For this analysis, we describe the microdrive configuration.
As � decreases, all of the buffer parameters decrease. The
awakening point w� decreases because less data is con-
sumed during the shorter �. Because the energy overhead
for awakening the producer decreases, a shorter time is
required to amortize the energy of changing power states.
Consequently, prefetch size S� decreases. Because Q� is a
function of both S� and w�, the buffer size decreases as well.
Therefore, decreases in awakening time reduce the buffer
parameters to levels suitable for embedded devices as well
as personal computers. Energy savings continue to increase
as � decreases because the producer can spend a longer part
of a period sleeping. However, the energy savings reach a
point of diminishing returns similar to those observed for
increases in � in Fig. 10; the power savings asymptotically
approach 7.88 percent.

We use RDRAM for our study, but other shutdown-

enabled memory technologies have different retention

powers. Fig. 13 illustrates the sensitivity of S�, w�, Q�, and

energy savings to changes in retention energy. We focus our

explanation on the microdrive. In this figure, we vary pb;mb

by one order of magnitude above and below the RDRAM

value. This figure assumes single-byte resolution, so pb;mb is

expressed in W/MB, rather than W/bank, as in Fig. 1. As

pb;mb decreases, the values of Q� and S� increase by a

proportional factor of 1ffiffiffiffiffiffiffi
pb;mb
p . This relation is intuitive from (8)

and (12). The value of w� is unchanged by varying w�

because it is strictly a function of � and the video properties.

Energy savings asymptotically approach 7.88 percent.

6 CONCLUSION

This paper presents a method for reducing energy
consumption by adding a data buffer between a producer
and a consumer. The method calculates optimal buffer sizes
for probabilistic rates of data consumption and application-
specific quality-of-service. Energy savings are compared to
a reference system and heuristically determined buffer sizes
for four different hardware configurations. The buffer sizes
depend on hardware and data type and average 16 MB for a
microdrive, a local-area network, and a wide-area network.
An IDE disk requires a buffer size between 16 MB and
176 MB with an average of 80 MB. Our analytical solution is
superior to heuristic-based methods for many reasons. The
most significant advantage to our analytical solution is the
ability to generate optimal buffer sizes without running
costly simulations, allowing for rapid exploration of the
design space and runtime modifications based upon data
consumption rates. Since no user interaction is required
other than the specification of QoS, the allocation of buffers
can be performed automatically by the application or the
operating system as workloads vary. Finally, we demon-
strate evidence our statistically optimal DPM policy will
continue to be an effective means of reducing energy
consumption as technology improves.
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