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Abstract—In this paper, a method for reducing the power
consumption in a pipeline of streaming data is presented. The
pipeline is divided into multiple stages and buffer memories are
inserted between adjacent stages. By dynamically changing the
power state of each stage, the overall power consumption of the
pipeline, including the power consumed by each stage and by
each buffer, can be reduced. For example, when a buffer is full,
the stage immediately before it can be turned off for a certain
time period to save power. In this paper, the problem of finding
the optimal strategy for managing the power state to minimize
average power consumption is studied for a pipeline of data con-
sisting of three stages with two buffers in between. The problem
is formulated as an optimal control problem of a hybrid system,
namely, a dynamical system with both continuous dynamics and
discrete transitions. Several important properties of the optimal
solutions are derived. Using these properties, the optimal periodic
solutions are obtained analytically for the special case when each
stage is allowed to turn on and off at most once during each pe-
riod. Simulation results using practical data are presented. The
results show substantial power savings of the proposed method
over heuristic buffering strategies.

Index Terms—Buffers, dynamic power management, hybrid
systems, streaming data.

I. INTRODUCTION

MINIMIZING the energy consumption of electronic
systems is becoming an increasingly important problem

as battery-powered portable systems gain popularity. Many
methods have been proposed for reducing the energy consump-
tion of individual electronic components such as processors,
wireless network interface cards, hard disks, and displays.
Existing methods predict the periods during which a compo-
nent remains idle or under-utilized, and turn off (sometimes
called “shut down” or “put to sleep”) the component or scale
down its performance to reduce its energy consumption. This
is called dynamic power management [1]. However, changing
the power state requires extra energy and time. Thus, it is not
always preferable to turn off a component each time it becomes
idle. Energy can be saved only if the hardware component can
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Fig. 1. (a) One buffer between a producer and a consumer. (b) Two buffers
between three interacting components.

remain in the off state long enough to compensate for the extra
energy incurred. This minimum amount of time in the off state
is called the component’s break-even time [2].

To avoid interrupting system operation when system param-
eters (e.g., network congestion) change, buffer memory is often
added between interacting components in electronic systems.
For example, when a user watches a video clip using a per-
sonal digital assistant (PDA), the PDA first downloads a suf-
ficient amount of data into buffer memory so that the video can
be played smoothly regardless of the variations of the network
conditions. This process may consist of multiple components
and buffers. The first component is the network card down-
loading the video data; the downloaded data are then stored in a
local storage device such as a microdrive or flash memory, and
later retrieved by the processor for decoding. The decoded video
may then be stored in another buffer before finally appearing on
the LCD display. These activities combined form a multi-stage
pipeline for the streaming data.

To demonstrate the dynamic power management process
for pipelines of streaming data, a simple example is shown in
Fig. 1(a), where component X produces data for component
Y to consume, and there is a single buffer inserted between
them. For the PDA example above, X can be the network card
to download the video and Y can be the processor to decode
the data. The two components form a two-stage pipeline of
streaming data. Since X typically produces data at a higher rate
than Y can consume it, one can reduce the power consumption
of the whole system without affecting its smooth operation
by properly choosing the buffer size and turning X on and
off at regular time intervals. X is turned on when the buffer is
empty and turned off when the buffer is full. Since the buffer
memory also consumes power, a large buffer may not actually
save energy. In our previous works, we show how to determine
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the optimal size of a single buffer between two components to
achieve maximal power reduction for fixed consumption rates
[3], [4] and variable consumption rates [5] of Y.

In this paper, we extend our study to a pipeline of streaming
data consisting of three components, X, Y, and Z, with two
buffers in between, as is shown in Fig. 1(b). When X is on, it
produces data at a constant rate and stores the data in the first
buffer; when X is off, no data are generated. When Y is on, it
retrieves data from the first buffer, processes them, and stores
the resulting data in the second buffer, all at the constant rate .
When Y is off, it does not retrieve any data from the first buffer
and stores no new data in the second buffer. Finally, Z is always
on and retrieves data from the second buffer at a constant rate .
For the PDA example, is the bandwidth of the network card;

represents the processor’s decoding performance; and is the
frame rate of the images. Since the data consumer Z cannot re-
trieve more data than those that are generated, must be smaller
than both and , i.e., and . Although in practice,
the data rates , , and may fluctuate with time, in this paper,
we assume them to be constant for two reasons: it will greatly
simplify the analysis and solution of the problem; and the re-
sults obtained in the constant-rate case can serve as the basis for
analyzing variable-rate case in future work.

Power management of the pipeline system consists of
choosing the optimal sizes of the two buffers and the time
sequence for turning on/off X and Y so that maximal power
reduction of the whole system can be achieved. Compared with
the single buffer case, managing two buffers is significantly
more difficult because X and Y may need to be turned on and off
at different times in a coordinated way to prevent overflowing
or underflowing either of the two buffers.

This paper presents a solution to the optimal buffer manage-
ment problem for the pipeline of streaming data in Fig. 1(b)
using the hybrid system control method. A hybrid system is a
dynamical system whose state consists of two sets of variables:
one set can take only discrete values while the other set changes
continuously over time [6]–[10]. For the buffer management
problem, the power state of each component can take discrete
values (either on or off), while the amounts of data stored in
the two buffers change continuously over time at rates depen-
dent on the components’ power states. Thus, the whole system
can be modeled by a hybrid system. The problem of optimal
buffer management for maximal power reduction then becomes
an optimal control problem for this hybrid system, i.e., finding
the best shape of the state space of the hybrid system by prop-
erly choosing the sizes of the two buffers and a trajectory in the
state space that minimizes the cost function of average power
consumption. For simplicity, we focus on periodic solutions,
which correspond to switching on/off components X and Y at
regular time intervals so that the amounts of data stored in the
two buffers rise and decline periodically. We establish several
necessary conditions for optimal periodic solutions. Using these
conditions, we then consider the special case when X and Y can
be turned on and off at most once during each period, and de-
rive the optimal solutions for the cases of and . In
particular, we show that, when , an optimal solution can
never have X on and Y off at the same time. If , an op-
timal solution can never have X off and Y on at the same time.

This paper has the following contributions. 1) The optimal
buffer management for power savings is extended to pipelines
of streaming data consisting of two buffers and three compo-
nents. We believe that this is the first study on managing two
buffers simultaneously. 2) We demonstrate that the buffer man-
agement for power reduction can be effectively modeled as a
hybrid system. 3) Several important properties of optimal pe-
riodic solutions are proved. 4) We obtain the optimal periodic
solutions when X and Y can turn on and off at most once in a
period. Simulations using data from commercial hardware com-
ponents show that substantial amounts of power can be saved
over heuristic buffering methods.

The rest of the paper is organized as follows. In Section II, we
review the background of several topics relevant to this study.
The problem of optimal buffer management is formulated in
Section III. In Section IV, we focus on periodic solutions and
derive necessary conditions for optimal solutions. These con-
ditions enable us to obtain the optimal solutions in Section V
for a constrained case. Simulation results are presented in Sec-
tion VI. Finally, in Section VII, we outline the conclusions and
some possible future directions.

II. BACKGROUND

A. Dynamic Power Management

Dynamic power management reduces the power consump-
tion of electronic systems by dynamically changing the com-
ponents’ power states [11]. For example, many computer users
set timers to turn off displays when the computers are idle. A
processor slows down when high performance is not required.
Dynamic frequency/voltage scaling is another form of power
management [12]–[15]. Gurumurthi et al. [16] propose to slow
down the rotational speed of a disk’s platters for saving power.
Among the studies in the literature, many are devoted to re-
ducing hard disks’ power [17]–[27]. Disks attract the attention
of the researchers for three reasons. First, disks are not always
needed. When data are stored in memory, disks become idle
and can be spun down. Second, a disk usually consumes more
than 10% of a computer’s overall power [28] and thus is a good
candidate for power reduction. Third, spinning up (also called
awakening) a disk consumes a significant amount of energy and
time. Hence, a shutdown policy needs to predict the idle periods
of the disk accurately to avoid incurring excessive energy over-
head for spinning up the disk.

In some cases, a hardware component may not stay idle
long enough to warrant a shut down as the energy savings do
not compensate for the energy overhead incurred by the shut
down and the awakening. For such a component, a data buffer
is often inserted to create longer idle periods. For example,
Bertozzi et al. [29] propose to add a data buffer for a network
interface card so that the card can remain sleeping most of
the time. The network card is awakened before the buffer is
full, and starts retrieving the data in the buffer. When the
buffer is emptied, the network card returns to a low-power
sleeping state. They suggest using a buffer as large as possible
to amortize the awakening energy. However, when the buffer’s
own power consumption is considered, a larger buffer is not
necessarily better than a smaller one. In our previous works
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Fig. 2. Power model for 128-Mb Rambus Direct RDRAM. Memory may be
shutdown in 16 MB blocks.

[3]–[5], we demonstrate how to compute the optimal buffer
sizes by considering the awakening energy, the data rates, and
the buffer’s power per unit size, for one buffer between two
components with constant data rates and [see Fig. 1(a)].
In [5], we also describe how to handle variable consumption
rate with a given probability density function.

B. Memory Power Consumption

Dynamic random-access memory (DRAM) is organized into
banks. Modern DRAMs provide low-power states where each
individual bank may be put into a different mode. The size of
the banks and the number of low-power states vary by tech-
nology. 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 pro-
vide data. Non-active banks may be put into states where data
are retained or destroyed. Fig. 2 shows the power states for a 128
megabit RDRAM [30]. Valid state transitions are represented by
arrows, with the latency for each state transition provided near
the corresponding arrow. If a transition arrow does not have a la-
tency, the transition is assumed to occur immediately. RDRAM
has three active states: read, write, and attention. The attention
state is the mode where the device is active but not currently
serving a request. Upon receiving a read or a write request, the
device transitions to the appropriate state. The device supports
three low-power states: standby, nap, and power-down. All of
these states retain data while consuming less power than the
attention state. However, they all incur state transition laten-
cies. The standby state has a 2.5-ns latency to enter from the
attention state but responds immediately to requests. The nap
and power-down states both require 20 ns to enter, and 50 ns
and 22.5 s, respectively, to respond to requests. 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. Be-
cause most memory buses are synchronous, a significant delay
may cause bus errors, requiring operating system’s attention to
restart the operation [31]. These bus errors may occur whether

memory power management is handled in software or in hard-
ware. Hence, time and power overheads are associated with state
transitions.

Research has been dedicated to creating opportunities for
reducing memory power consumption. Lebeck et al. [32] create
power-aware page allocation schemes that adjust the Direct
RDRAM’s power state based on the required amount of phys-
ical memory. Pisharath et al. [33] reduce energy consumption
within the memory hierarchy by using “energy saver buffers.”
These buffers hold data waiting to be written back to the next
higher level of memory until the memory is returned to an
active state. Delaluz et al. [31] propose using a compiler to add
instructions to change memory states. Hu et al. [34] 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 activities shortly after
being loaded and remain inactive for an extended time before
being overwritten by new data. Chen et al. [35] use garbage
collectors within the Java Virtual Machine to reduce the amount
of live memory within the heap. Ramachandran et al. [36] turn
off sections of main memory while decoding MPEG-2 video
to save power. In this paper, we first assume that the memory
size can be adjusted at the bit level. Since practical memory
sizes can be adjusted in discrete units only (usually in a 16-MB
unit), the actual optimal memory size should be one of the
discrete sizes closest to the one calculated by our approach, as
explained in Section V-E.

C. Hybrid Systems

Proposed to model dynamical systems with both continuous
and discrete dynamics, hybrid systems are finding increasing
applications in a diverse range of scientific and engineering
problems. Examples include transportation systems, such as air
traffic management (ATM) systems [37], automated highway
systems [38], robotics [39], computer and communication net-
works [40], [41] and auto and industrial systems [42]. Besides
engineering applications, hybrid systems are also useful in
modeling biological systems [43], [44].

In our recent work [45], we present some preliminary results
on applying a version of the hybrid systems model, called multi-
rate hybrid systems, in the study of the dynamic power manage-
ment problem for a pipeline of streaming data. In this model, the
discrete state of the hybrid system consists of the power states
of the individual components, and can assume a finite number
of possible values (modes). The continuous state consists of the
amounts of data stored in the buffers and can take continuous
values. The continuous state changes at different constant rates
dependent on the current discrete mode, hence the name mul-
tirate hybrid systems. The data flow process in Fig. 1(b) can
be modeled as a solution to this hybrid system, and the optimal
buffer management problem reduces to finding the solution min-
imizing a certain cost function. A distinguishing feature of our
method is that, while finding the optimal control strategy, we
also study the optimal shape and size of the state space of the
hybrid systems at the same time. The simultaneous design of the
optimal control strategy and the state space makes the problem
much more difficult. However, it also poses a potentially re-
warding research direction.
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III. PROBLEM FORMULATION

Fig. 1(b) shows a pipeline of streaming data consisting of three
components with two buffers in between. The first component X
generates data at the rate and stores the data in the first buffer.
The second component Y retrieves data from the first buffer, pro-
cesses them, and stores the resulting data in the second buffer,
all at the rate . The third component Z retrieves data from the
second buffer at the rate . In this paper, we assume that , ,
and are constants. Possible extensions to the nonconstant rates
case will be discussed in Section VII. In Section V-D, we will
also briefly discuss the extension of our model to the more gen-
eral case of compression or decompression by Y, i.e., Y retrieves
data from the first buffer at a rate different from the rate at
which it stores the processed data into the second buffer.

The power consumed by each component consists of two
parts: the dynamic power and the static power. For a compo-
nent, its dynamic power includes the power to produce, process,
and/or consume data, as well as the power for writing data into
and retrieving data from the buffer memory. As the name sug-
gests, the dynamic power depends on the data flow rate through
the component. In contrast, the static power of the component
is the part of power to sustain its normal operation, and is in-
dependent of the data rate. In this paper, we consider only the
static power, as it is shown in [3] and [4], that the dynamic power
does not affect the solution of the optimal buffer management
problem to be defined later in this section. However, the dy-
namic power does affect the amount of possible power savings.
In addition to component power, the two buffers also consume
power that are proportional to their sizes. Denote by and

the sizes of the two buffers. Then their power are
and , respectively, where the constants and are the
power per unit size of the buffer memory (watt per megabyte).
If the two buffers use the same technology, we have .
For example, for Rambus direct RDRAM, the data for and

can be looked up in the data sheet [30]. We remark here that
the linear power model adopted in this paper is a simplified yet
effective model commonly used in the dynamic power manage-
ment literature (see, e.g., [31], [32], [34], and [46]).

We assume that and , so that enough data can
stream through the pipeline for Z to consume. This assumption
makes it possible to implement dynamic power management for
the pipeline system. During the process, component Z is as-
sumed to be turned on all the time, while each of the compo-
nents X and Y is turned on and off from time to time based on
the amount of data stored in the buffer between the component
and its downstream neighbor. For example, X may be turned on
when the buffer between X and Y is empty, and turned off when
the buffer is full. The optimal buffer management problem con-
sists of finding the sequence of times for turning on and off the
components X and Y so that the power consumed by the overall
system is minimized, subject to the constraint that neither of the
two buffers is underflowed or overflowed.

More precisely, each of the components X and Y has two
power states: on and off. When X and Y are on, they consume
the (static) power and , respectively. When they are off,
they consume no power. Changing the power states of these two
components may incur extra energy. For simplicity, we assume
that the energy overheads for turning on X and Y are and ,

Fig. 3. Vector (q , q ) represents the amounts of data in the two buffers, which
changes according to X’s and Y’s power states s 2 S at the rate v . (a) � > �.
(b) � < �.

respectively, while their turn-off energies are both zero. We also
assume that any delay in changing the power states of X and
Y is amortized by an early wakeup policy because the system
is deterministic. Since the last component Z is assumed to be
always turned on, it consumes a constant power no matter how
X and Y change power states. Thus, we can ignore Z’s power
when minimizing the overall system power consumption.

From the above description, the pipeline system operates in
one of four possible modes: 00, 01, 10, and 11. The meanings
of these four modes together with the corresponding total power
consumed by the components in each mode are summarized
below.

• Mode 00: X and Y are both off. The total component power
is .

• Mode 01: X is off and Y is on. The total component power
is .

• Mode 10: X is on and Y is off. The total component power
is .

• Mode 11: X and Y are both on. The total component power
is .

Denote by the system mode, and by the
set of all possible modes.

Let be the amount of data stored in the buffer be-
tween X and Y, and be the amount of data stored in the
buffer between Y and Z. Depending on the mode, and

change at different constant rates. For example, when
both X and Y are on, i.e., when the system is in mode 11,

increases at the rate . Thus, data are actually ac-
cumulating in the first buffer if , and depleting if

. On the other hand, increases at the rate .
Combining and into a single two dimensional vector

, we conclude that the rate of change of is
when the system is in mode 11. We denote this rate by .
Similarly, we can obtain the rates of change of in other modes

(1)

The four vectors in (1) are depicted in Fig. 3, with (a) and (b) cor-
responding to the cases when and , respectively.

The mode and the variable together specify the
system state of the pipeline of streaming data. Note that

is a continuous variable taking values in the rectangle
, while is a discrete variable taking values in

. Thus, the pipeline system can be modeled as a hybrid system
with state , where is the continuous state and is
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Fig. 4. Two possible trajectories for q(t). (a) The system switches four times
with sequence (11, 10, 01, 00). (b) The system switches ten times for the dura-
tion. We assume � > � in this figure.

the discrete state of the hybrid system. Let be the time
interval during which the average system power consumption
needs to be minimized. Then a power management scheme
for the pipeline system is given by a mapping
so that the power states of the components X and Y at time

are specified by the mode . Typically, there
exists a sequence of time intervals , ,
with , such that the system mode

during the time interval is a constant , and that
immediately adjacent time intervals correspond to different
modes. In other words, is piecewise constant with discrete
jumps at a finite number of time epochs. Under this scheme

, the continuous state follows a continuous trajectory
given by the differential equation

(2)

In other words, the instantaneous rate of change for at time is
given by one of the four vectors defined in (1) corresponding to
the system mode at time . Note that in (2) the differentiation is
defined for the duration except the finite number of time
epochs , . Together, forms a
(hybrid) solution, or an execution, of the hybrid system.

Fig. 4 shows two examples of solutions. Note that only the
continuous parts of the solutions are plotted. In both cases,
the system starts with both buffers empty, i.e., ,
and both X and Y off. In Fig. 4(a), at the beginning, both X and Y
are turned on for a certain time, thus changes along the
arrow pointing towards the upper right direction. After
reaches the point , Y is turned off first while X remains
on. Since X is still on, keeps increasing but begins to de-
crease, and follows the direction of . When
reaches the point with , i.e., when the first
buffer is full, X is turned off and Y is turned on. Then
follows the direction of until it reaches ,
in other words, until the first buffer becomes empty and the
second buffer becomes full at the same time. Finally, Y is turned
off (X remains off), and returns to the starting point
(0,0). During the process, X and Y are each turned on once.
In Fig. 4(b), a more complicated solution is plotted where X is
turned on twice while Y is turned on four times.

TABLE I
SYMBOLS AND THEIR DEFINITIONS

In general, for a solution during the period
of interest, the energy consumption of the whole pipeline

system consists of the following three parts.
• Static energy consumed by X and Y: , where

is the total component power in mode .
• Energy for changing the power states of the components X

and Y: . Here and are integers denoting
the numbers of times that X and Y are turned on, respec-
tively, during .

• Energy consumed by the buffer memory:
.

As a result, for the solution , the average power consump-
tion, , of the overall system during is

Note that the arguments of are introduced to highlight the
dependence of on , , and .

The dynamic power management problem is then to find
that can achieve the minimal average power. In particular, if the
time horizon is large enough, the problem becomes:

Problem 1: Find the hybrid trajectories during
and the buffer sizes and that minimize the average power

.
This is an optimal control problem for the hybrid system mod-

eling the pipeline of streaming data.
Before we proceed to solve the above problem in the next

few sections, for clarity, we summarize the key notations used in
this paper in Table I. The first column denotes the symbol. The
second column contains the section where the symbol is first
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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.

IV. PERIODIC SOLUTION

A hybrid trajectory over the time in-
terval is called periodic with period if it satisfies
the condition and for all

. For such , the corresponding power state switching
strategy is uniquely determined by its switching sequence

and switching epochs during the
first period . More precisely, switches from
to at time for . Note that the periodic
condition implies that . For periodic with period

, the average power is equal to the
average power during the first period

Here, is one of the four possible power states (modes),
is the corresponding total component power, and is the total
amount of time during when the system is in power state
. The sum of all is the length of the period

Since the solution is periodic, we must have ,
implying that there is no net gain or net loss of the streaming data
in one period: all data produced in the period will be consumed
subsequently. As is the speed of accumulation (or depletion)
of the buffer data in the power state , the following condition
must hold.

Lemma 1 (Constraint on ): For periodic

This actually imposes two equality constraints on as each
is a two dimensional vector.

If we focus on periodic solutions , then Problem 1 reduces
to the following problem.

Problem 2: Find a periodic hybrid trajectory with a
proper period and the proper buffer sizes and that
minimizes the average power .

It is conjectured that the average power of the solutions to
Problem 2 is the same as that of the solutions to Problem 1.
Assuming this conjecture is true, we will try to solve Problem 2
in this paper. Another justification for this choice is that periodic
strategies can be implemented practically.

In the following, we will derive several necessary conditions
for the optimal solutions to Problem 2.

A. Scaling of Trajectories

Let be a periodic hybrid trajectory with
period for buffer sizes of and . Let be a posi-
tive number. Then, it can be verified that is a contin-
uous trajectory in satisfying (2) with
replaced by . In other words, is a pe-
riodic hybrid trajectory with the period when the sizes of
the two buffers become and , respectively. The total
time that the system spends in each power state in a single
period also scales by a factor of , and becomes . We call

the scaling of by
. Compared with the original trajectory, the scaled one follows

the same switching sequence. The average power consumed by
following is

where in the last inequality the equality holds if and only if
takes the value

(3)

Note that in deriving the above inequality, we apply the arith-
metic and geometric means inequality: for ,

with equality if and only if .
We call the value in (3) the optimal scaling factor. The

optimality of implies that

for any . In particular, if we choose , then

where equality holds if and only if .
Thus, for any hybrid trajectory , unless the optimal scaling

factor , we can always scale it by , as well as the buffer
sizes, to obtain a different hybrid trajectory whose average
power is smaller than that of . Thus, a necessary condition for
to be an optimal solution is that . By (3), this reduces to

Lemma 2 (Constraint on and ): A solution
, , and to Problem 2 satisfies

(4)

We can consider an extreme case when . Then
condition (4) implies that the optimal buffer sizes are

. In other words, since there is no penalty in turning
on and off the two components, one can do so infinitely often so
that their effective data rates are equal to . On the other hand, if

(or ) is set very high, then either (or ) is zero so that
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Fig. 5. Two possible trajectories. (a) and (b) have the reversed sequences.

the corresponding component does not switch at all, or in the
case of nonzero (or ), the optimal buffer size (or )
should be made very large, reducing the switching frequency of
the corresponding component to very low.

As a result of (4), for any solution , , and to
Problem 2 with period , we have

B. Tightness of Optimal in

Since a buffer consumes power proportional to its size, un-
used buffer memory will unnecessarily waste power. As a result,
an optimal trajectory should fill and empty each of the two
buffers at least once sometime during the period (otherwise, the
unused memory can be removed to save power). This is sum-
marized by the following lemma.

Lemma 3 (Tightness in ): A solution ,
, and to Problem 2 satisfies that

Geometrically, Lemma 3 says that as a curve in
contacts all four edges of .

C. Reversing the Switching Sequence

Suppose that is a periodic hybrid tra-
jectory with period for buffer sizes and , and with
switching sequence and switching epochs

in the first period . We can obtain a new
periodic hybrid trajectory with the same
period and buffer sizes and but a reversed switching
sequence as follows:

for . Fig. 5 illustrates two example trajectories that can
be obtained from each other by reversing the sequences.

Fig. 6. Trajectory q(t) with the switching sequence (10,11,01,00). (a) � > �.
(b) � < �.

It is easily verified that is also a valid periodic trajectory.
Note that and may have different starting points. In-
deed, and are symmetric with respect to the center of

. Moreover,
Lemma 4: Hybrid trajectories and have the same

average power: .
As a result, solutions to Problem 2 are not unique: for each

solution , , and to Problem 2, there is another solu-
tion , , and , where has the same period but the
reversed switching sequence compared with .

V. PERIODIC SOLUTION WITH

In Section IV, three properties of the optimal periodic solu-
tions to the dynamic power management problem (Problem 2)
are established. In this section, we consider the solutions under
the constraint that X and Y each switches from off to on exactly
once during one period, i.e., . This simplifying
restriction is adopted so that we can obtain the analytic form of
the optimal solutions. Optimal solutions with or
will be discussed in future work.

Under the constraint , we can assume without
loss of generality that the switching sequence of the optimal so-
lutions to Problem 2 is (10,11,01,00). Indeed, all the other
sequences with can be obtained from this se-
quence by one or more of the following operations.

1) Cyclic rotations, such as (10,11,01,00) (11,01,00,10),
which correspond to different phases of the same periodic
hybrid trajectory.

2) Reversions, such as (10,11,01,00) (00,01,11,10), as are
described in Section IV-C.

3) Subsequences, for example, (10,11,01,00) (10,11,00),
where the latter can be thought of as the degenerate case
of the former with the segment representing the state 01
degenerating to zero.

Fig. 6 shows two generic periodic solutions with
and the switching sequence (10,11,01,00) for the cases

and , respectively. By Lemma 3, the rectangle
must bound tightly. In the case , this implies

that , , and ; while in the case
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, this implies that , , and .
The average power to be minimized is

(5)

A. Optimal Solutions When

We first consider the case . By Lemma 3, we know that
in Fig. 6(a), , , and . In addition,

since the segment corresponding to the power state 00
is vertical. The trajectory is completely determined by the
two parameters and . In fact, the point
and the time that spends in power state 01 during one
period can be determined from the relation

as

Since , we deduce that

Furthermore, since , we have

As a result of the above equation, since is nonnegative,
must satisfy

(6)

which gives a lower bound of for given that will be
used later in this section. Finally, from the relation

, we can compute the time that spends in
power state 00 during one period as:

Combining the above results, the period of ,
, is given by

and the average power of within one period as is given
by (5) can be simplified to

(7)

where and are positive constants defined by

(8)

To find the optimal and that minimize in (7), the
optimization problem is solved in two steps. First, for each fixed

, we find the value of that minimizes . Since is linear
in , the best is given by its smallest possible value, subject
to the constraint (6). Then, after substituting the best value of

Fig. 7. Optimal trajectory q (t). (a) � > �. (b) � < �.

into , we find the optimal value of that minimizes the
resulting expression. Specifically

By applying the arithmetic and geometric means in-
equality, we deduce that the average power is
minimized when the value of is chosen as

, i.e.,

(9)

where denotes the optimal value of . From (6), we can
obtain the optimal value of as ,
i.e.,

(10)

Thus, the corresponding minimum average power is

(11)

and the optimal period is

(12)

It is easily checked that , , and satisfy condition
(4) in Lemma 2. Since the optimal and are such that
equality holds in (6), we conclude that . Hence, in the
optimal solution , the segment corresponding to the power
state vanishes. Fig. 7(a) illustrates such an optimal tra-
jectory that starts with both buffers empty (i.e., starts from
the origin) and both components X and Y turned on (i.e., the
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starting power state is ). Since , data will ac-
cumulate in both buffers. After time, the first buffer reaches
its capacity . Then, X switches off, and the data in the first
buffer starts decreasing while data in buffer 2 keeps accumu-
lating. After time, the first buffer is emptied and the second
buffer reaches its maximal capacity . Then Y switches off,
and data in the second buffer are gradually fetched by Z until
the buffer is empty. This process is then repeated every time.

B. Optimal Solution When

We now consider the case . In this case, we have
, , and , and the generic trajectory

plotted in Fig. 6(b) is fully determined by the two parameters
and . Indeed, the vertex can be solved from
the relation as

On the other hand, solving the equations
yields

Note that, since , we must have

(13)

which gives a lower bound on for fixed .
The period of is

. Thus, the average power is reduced to

(14)

where and are constants defined in (8). Note that has
the same expression as in the previous case, despite the different
expressions for , etc. Therefore, we can follow
similar steps to find the optimal and that minimize .
The only difference is that the lower bound on for a given

is now given by (13) instead of (6). We omit the detailed
derivation, and write the results as

The corresponding optimal average power and optimal pe-
riod are

Fig. 8. Y removes data from the first buffer at the rate � and fills the second
buffer at the rate � .

Since equality holds in (13), in Fig. 6(b), the segment corre-
sponding to the power state vanishes. See Fig. 7(b) for a
plot of such an optimal solution . For this , at time 0, buffer
1 is empty while buffer 2 is partially filled; component X is on
and component Y is off. Thus, data accumulates in buffer 1 and
decreases in buffer 2. After exactly time, buffer 1 reaches
its capacity and buffer 2 is emptied. Then, component Y is
switched on. Since , data in buffer 1 will start decreasing,
and data in buffer 2 will start increasing as . After exactly

time, buffer 1 is emptied again while buffer 2 reaches its ca-
pacity . At this time, both X and Y switch off. Data in buffer
2 will be gradually fetched by Z until the amount of data left
becomes after time. This process is then repeated every

time. In practice, since the periodic solution does not start
with both buffers empty, a transient period is needed before it
reaches steady state.

C. Optimal Solution When

This case can be treated as a limiting case of the previous
two by letting from either below or above. In either
case, we have , and .
Explicitly, according to this strategy specified, only the second
buffer is needed with the size , and the first buffer has size
0, thus can be removed. At time 0, the second buffer is empty
and both X and Y are switched on. Since , data will
accumulate in the second buffer until reaching its capacity after

time. Then, both X and Y switch off at that time, and data
in buffer 2 will start decreasing until it is fully emptied after
time. Thus, when , the optimal strategy switches X and
Y on (and off) at the same time in a coordinated way.

D. Data Compression and Decompression

So far we have assumed that Y retrieves data from the first
buffer and fills data into the second buffer at the same rate .
This model represents no data increase or decrease by Y. In this
section, we extend the model to consider the data compression
and decompression effect of Y. In the new model, Y retrieves
data from the first buffer at the rate , performs some processing,
and fills the data into the second buffer at the rate , as shown in
Fig. 8, where and are known constants. Thus, Y compresses
data if , and decompresses data if . To ensure
that there are enough data for to consume, the constraint that

in the original model has to be replaced by
due to the compression/decompression effect of . In addition,
the constraint that now becomes .

We can follow the same procedure presented in Section V-A
to calculate the optimal buffer sizes and the length of the period.
The only difference in the procedure is to replace some with
in (1). Specifically, and
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. When , the derived expressions for the optimal buffer
sizes, the optimal period length, and the optimal average power
are

Similarly, when , the optimal values are given by

E. Discrete Memory Size

In the previous sections, a linear memory power model is as-
sumed, i.e., it is assumed that the memories can take arbitrary
sizes, and that there is no static power. In practice, memories are
available in only discrete block sizes (such as 16 MB banks), and
always consumes static power that is independent of the size. In
this section, we study the effect of these practical considerations
on the optimal solutions.

Note that the expressions of the average power in (7) and
(14) are convex functions of the buffer sizes and . Thus,
when and can only take discrete values that are integer
multiples of some unit sizes, or equivalently, when
takes values in the (scaled) integer grids on the plane, the min-
imal is achieved at one of the grid points closest to the op-
timal value as determined using the linear memory
model with continuous memory size. For each real number ,
we use to denote the largest available discrete memory size
less than and the smallest available discrete memory size
greater than . Then, as shown in Fig. 9, the optimal buffer
sizes for the discrete memory size model are specified by one
of the four grid points closest to . Denote by

the set of these four grid points.
Let and be the optimal available buffer sizes in the

discrete memory size model. Then, unless the ratio is
the same as , the optimal trajectory obtained in the

Fig. 9. Choices for discrete memory sizes. Q is the largest discrete memory
size less thanQ . Q is the smallest discrete memory size greater than Q .

Fig. 10. Optimal trajectories when the buffers are not optimally scaled.

continuous memory size model can not fit into the rectangle
tightly, even after a proper scaling. In this

case, the optimal trajectory for the discrete memory size
model can be obtained by scaling so that it is contained
in the rectangle and has the largest possible
size (though it may not necessarily touch all four edges of the
rectangle). This is illustrated in Fig. 10(a) and (b) for the cases

and , respectively.
In the first case, the curve never touches the top edge, im-
plying that there are some unused memory for the second buffer.
In the second case, never touches the right edge of the rec-
tangle, implying that the first buffer is not fully utilized.

Remark: For many pipeline systems already deployed in
practice, the sizes of the buffers are pre-determined, and hence
cannot be adjusted during the optimal buffer management
process. The procedures outlined in the above paragraph on
how to fit an optimal solution into a not-necessarily-optimal
state space provides one way of finding power management
schemes with reasonable performance in such situations.

To see more clearly which of the four grid points should
be chosen as the optimal discrete buffer size for the discrete
memory model, for each of the four grid points ,
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TABLE II
DEVICES AND PARAMETERS CONSIDERED IN THE SIMULATIONS

we obtain the trajectory from as described in the pre-
vious paragraph. Depending on whether
or not, the average power consumed by can be calculated
as

if ,

otherwise.

The optimal discrete buffer size can then be deter-
mined by

We now study the effect of the static power of the buffer
memory on the optimal solutions. If the static power of the
buffer memory is considered, some extra constants will appear
in the term in (7) and (14) for the average power. As these are
constants, they will not affect the optimization results. Thus, the
optimal buffer sizes and switching strategies remain unchanged.
On the other hand, the static power terms will affect the power
saving percentage: the higher the static power, the less power
savings percentage can be achieved.

VI. EXPERIMENTS

A. Simulation Setup

We present some simulations to compare the performance of
our optimal solutions to heuristic buffer sizes and switching al-
gorithms, and to analyze the effects of block memory sizing.
The simulations use parameters from practical hardware com-
ponents and different formats of streaming data. We consider
two different producers (component X): an IBM 1 GB Micro-
drive and an IBM 2.5 TravelStar hard disk, which will be re-
ferred to as “Microdrive” and “TravelStar,” respectively. We
also consider two through-putting elements (component Y): a
local-area network (LAN) and a wide-area network (WAN).
Both networks are accessed through a Linksys PCMCIA net-
work card so that they have the same power characteristics,
while the WAN realizes a slower data rate than the LAN due to
more traffic and contention on the network. The parameters for
the producing and through-putting elements are obtained from
the manufacturer data sheets and physical measurements in [3]
and can be found in Table II.

We obtain the bandwidth of each disk using the LINUX com-
mand hdparm (hdparm -t). We first measure the power of

the disk without applying any workload to determine the static
power of the hard disk. To obtain the dynamic power, we mea-
sure the disk’s power consumption under different data read
rates (MB/s). After subtracting the static power, we divide the
differences by the rates, and use the average value of these quo-
tients as the dynamic energy for reading one MB of data at a
typical rate. Together, these two measures can be used to com-
pute the producer’s average power when producing data. We
determine by measuring the energy consumed by the hard disk
when it is turned on. The results of these measurements are sum-
marized in Table II.

To determine the power characteristics for the Linksys
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 . To find ,
we measure the energy between the wake-up command and the
first packet’s transmission. We consider two applications for
this network card: a LAN and a WAN. The production rate of
each case and the hardware parameters of the network card are
provided in Table II. In particular, to find the production rate
of each case, we transfer many large files over the network and
determine the average data transmission rate. The results of our
measurements together with the hardware parameters of the
network card are also shown in Table II. We use the memory
model described in Section II-B for RDRAM. When banks of
memory are idle, they turn into the nap state. We select the
nap state instead of the power down state because transition
back into the active state incurs little overhead compared with
recovering from the power down state. The power per megabyte
for buffers and can be looked up in the data sheet [30] as
6.258 10 W/MB. Thus, the power consumed by a 16 MB
memory block is W. The data rate
of the consumer depends on the type of data being consumed.
We consider three kinds of media streams: MPEG-1, MPEG-2,
and mp3. A typical data rate for an MPEG-1 video disk is
1.5 Mbps (0.1875 MB/s). MPEG-2 files come in a wide variety
of data rates, with a typical rate of 25 Mbps (3.125 MB/s) for
an HDTV broadcast. Music is often encoded in mp3 format at
0.128 Mbps (0.016 MB/s).

With all these choices of producing, throughputting, and
consuming components, the combinations of components used
in our simulations are shown in Table III. Note that we do
not consider the cases when the Microdrive must source the
MPEG-2 stream, or when the WAN must through-put the
MPEG-2 stream, since the producing components do not have
high enough data rates to support the stream.

B. Validation of Memory Power Models

In this section, we verify our method for selecting optimal
buffer sizes when only discrete sizes are available. Each of the
test cases listed in Table III is run for memory resolutions of
2, 4, 8, 16, and 32 MB, as well as arbitrary memory size. In
each case, the average power achieved by the buffer sizes and
the switching strategy derived from the optimal solution as de-
scribed in Section V-E is computed numerically for each of the
memory resolutions. The results are shown in Fig. 11, which ex-
hibit a graceful degradation in power savings as memory block
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TABLE III
COMBINATIONS OF DEVICES CONSIDERED IN THE SIMULATIONS

Fig. 11. Comparison of power consumption for memory with various block
sizes.

size is increased. Note that the cases with smaller optimal buffer
sizes are effected more by the discrete memory sizes than those
with larger optimal buffer sizes. Compared with the unbuffered
case (whose average power is not included in the plot), our solu-
tions can achieve various degree of power saving. For example,
in case 9 with a block size of 32 MB, our solutions achieve
61.1% power savings (.444 W); while in all other cases, the
power savings achieved are even greater. In particular, in case 3
with a block size of 2 MB, our solutions achieve 98.5% power
savings (2.628 W). This shows that our method is effective even
when memory must be chosen in discrete block sizes.

C. Comparison With Heuristic Buffer Sizes

We now investigate how much power our approach can save
versus different fixed buffer sizes. For our first buffer, we con-
sider that hard disk caches typically come in sizes of 4 MB and
8 MB. For our second buffer, we consider the LINUX mplayer
media player that uses a buffer size of up to 1 MB, and a player
that buffers for the length of a long mp3, 8 MB. Since these
buffer sizes are chosen heuristically and may not be optimal,
we design a heuristic switching policy: each buffer is filled until
it is full, then emptied until it is empty using the three vectors
that the optimal policy uses. It is worth noting that when op-
timal buffer sizes and equivalent initial conditions are chosen,
this policy is reduced to our optimal one.

The results of the simulation are shown in Fig. 12. For each
case, the average power are obtained for the unbuffered case,
and for the optimal buffer sizes and optimal switching policy
computed in Section V, as well as for the heuristic switching
policy under four combinations of fixed buffer sizes in MB: (a)

, , (b) , , (c) , , and
(d) , . The results show that our optimal policy

Fig. 12. Comparison of power consumption for various heuristic policies. For
case 2, whenQ = 8 andQ = 8, �P = 6:21 W; when Q = 4 and Q = 8,
�P = 10:66 W; when Q = 8 and Q = 1, �P = 13:94 W; when Q = 4 and
Q = 1, �P = 18:39 W.

outperforms the heuristic policy and the unbuffered approach in
all cases. For example, in case 2 where the media application is
streaming an MPEG-2 movie from a TravelStar hard disk over
a LAN, all four of the heuristic approaches actually consume
more average power than if no buffers are used at all, while the
optimal policy achieves a 60.9% power savings (1.623 W) over
the case with no buffers.

D. Sensitivity Analysis

This section explores the sensitivities of the optimal buffer
sizes , , optimal period , and optimal power savings
with respect to changes in various system parameters. Since the
optimal buffer sizes are derived analytically in Section V, the ef-
fects of parameter variation can also be determined analytically.
We define the sensitivity of a system output with respect to a
parameter as the ratio of changes in to incremental changes
in [43]. The (relative) sensitivity can be calculated by finding

. For example, assuming , the sen-
sitivity of to variations in the rate can be computed from
(9) as

(15)

From (15) we see that the sensitivity of to depends on ,
, , , and . By substituting in these values, we can de-

termine the effect of a small variation in has on the optimal
buffer size . This equation reveals that, for small values of ,
small changes in tend to have large effects, whereas the sensi-
tivity decreases as increases. This ability to find the sensitivity
of optimal solutions to parameter variations is a clear advantage
of the analytic solution presented in this paper over a heuristic
one.

In Fig. 13, we plot the values of , , , and the
average power savings computed by our optimal solution using
the parameters given in Table IV for and varying within
the range [0.017,17.6] which represents the range of data rates
found in our experimental hardware and for taking the value
0.016. Several insights can be obtained from these plots. From
Fig. 13(a) and (b), the values of and are relatively in-
sensitive to variations of and when and are sufficiently
larger than and is sufficiently different from . Fig. 13(c)
shows that the total buffer size is not symmetric with respect to

and . This implies that if X produces data at the rate and Y
through-puts the data at the rate , the total memory required in
the optimal solution would be different than if X produces data
at the rate and Y through-puts the data at the rate , even if
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Fig. 13. Optimal solutions for parameters within the range :017 � � � 17:6 and :017 � � � 17:6,  = :016, assuming the same type of memory is used for
Q and Q . (a) Optimal buffer sizesQ . (b) Optimal buffer sizesQ .; (c) Optimal total buffer sizesQ +Q . (d) Optimal power savings over the unbuffered case.

TABLE IV
VALUES USED IN SENSITIVITY ANALYSIS

the physical characteristics of the two buffers are identical. Fi-
nally, we can see in Fig. 13(d) that when and are close to

, power savings are minimal. On the other hand, when both
and are more than two orders of magnitude larger than , the
power savings almost level off when and increase further.

VII. CONCLUSION

This paper studies the dynamic power management problem
of a pipeline of data streaming through three components and
two buffers. By focusing on periodic solutions, properties of op-
timal solutions are derived. Using these properties, a method is
presented for determining the optimal buffer sizes and the op-
timal switching strategies for periodic solutions where each de-
vice is switched on and off at most once during each period.
This method is then generalized to find the optimal buffer sizes
and switching strategies when one of the device compresses
or decompresses data, and when the memory sizes are avail-
able only in discrete values. Simulation results are presented for
some practical streaming data applications, which show a min-
imum power savings of 61.1% for the optimal solutions over
the unbuffered case. The presented optimal solutions are also
compared with favorable results to a natural heuristic switching
strategy with various heuristic memory sizes.
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The results of this paper can be extended in several ways. For
example, the data rates of most data formats vary over time due
to compression and framing as well as variations of network
traffic. To handle variable and random data rates, the model
and tools on the optimization of stochastic hybrid systems pro-
posed in [47] can be applied. Some preliminary results in this
direction are reported in [48] and [49]. For example, in [48],
the optimal buffer size and random strategy are derived for a
pipeline of streaming data with two components and a buffer in
between whose incoming data rate is modeled as switching
randomly among several possible values according to a Markov
process. We also intend to generalize our results to pipelines
of streaming data consisting of multiple stages and with more
complicated network topologies, and to the case of periodic so-
lutions that allow each component to switch on multiple times
during each period. The main issue one faces when dealing with
these cases is the exponential increase of problem complexity
with the increase of number of stages and number of switchings
allowed. To find scalable solution algorithms, we are currently
studying the use of optimization tools such as mixed integer pro-
gramming in finding exact/approximate solutions to the optimal
buffer management problem in these general scenarios.
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