
IEEE TRANS. INTEGRATED CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY 1

Low-Power Buffer Management for Streaming Data
Jason Ridenour,Student Member, IEEE,Jianghai Hu,Member, IEEE,Nathaniel Pettis,Student Member, IEEE,

and Yung-Hsing Lu,Member, IEEE

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 changingthe

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 fora

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 consisting 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 period. Simulation results using practical data are

presented. The results show substantial power savings of the

proposed method over heuristic buffering strategies.

Index Terms— Dynamic power management, streaming data,

buffers, hybrid systems.

I. I NTRODUCTION

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 consumption of

individual electronic components such as processors, wireless

network interface cards, hard disks, and displays. Existing

methods predict the periods during which a component re-

mains idle or under-utilized, and turn off (sometimes called
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“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

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 pa-

rameters (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 PDA (personal digital assistant), the PDA first downloads

a sufficient 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 downloading 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
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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

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 rateα 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 β. 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 rateγ. For the PDA example,α is the

bandwidth of the network card;β represents the processor’s

decoding performance; andγ is the frame rate of the images.

Since the data consumer Z cannot retrieve more data than

those that are generated,γ must be smaller than bothα and

β, i.e., α > γ andβ > γ. Although in practice, the data rates

α, β, andγ 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; the results 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], [7], [8], [9],

[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 dependent 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 properly 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 derive the optimal solutions for the cases ofα > β

and α < β. In particular, we show that, whenα > β, an

optimal solution can never have X on and Y off at the same

time. If α < β, an optimal solution can never have X off and

Y on at the same time.
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This paper has the following contributions. (a) The optimal

buffer management for power savings is extended to pipelines

of streaming data consisting of two buffers and three com-

ponents. We believe that this is the first study on managing

two buffers simultaneously. (b) We demonstrate that the buffer

management for power reduction can be effectively modeled

as a hybrid system. (c) Several important properties of optimal

periodic solutions are proved. (d) 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 components show that substantial amounts of power

can be saved over heuristic buffering methods.

The rest of the paper is organized as follows. In Sec-

tion 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 conditions enable us to obtain the optimal

solutions in Section V for a constrained case. Simulation

results are presented in Section 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], [13], [14], [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 reducing hard disks’ power [17], [18], [19],

[20], [21], [22], [23], [24], [25], [26], [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 overhead 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 [3], [4], [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 ratesα

andβ (see Fig. 1(a)). In [5], we also describe how to handle

variable consumption rateβ 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

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. 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
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represented by arrows, with the latency for each state transition

provided near the corresponding 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 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 latencies. The standby state hasa

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 22.5µs 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. Because 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 hardware. 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 physical 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. Huet

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 asAir

Traffic Management (ATM) systems [37] and automated high-

way systems [38], robotics [39], computer and communication

networks [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

multirate hybrid systems, in the study of the dynamic power

management 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
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mode, hence the name multirate 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 minimizing 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 rewarding

research direction.

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 rateα and stores the data

in the first buffer. The second component Y retrieves data from

the first buffer, processes them, and stores the resulting data

in the second buffer, all at the rateβ. The third component Z

retrieves data from the second buffer at the rateγ. In this paper,

we assume thatα, β, andγ 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 general case of compression or

decompression by Y, i.e., Y retrieves data from the first buffer

at a rateβ different from the rateβ′ 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 com-

ponent, 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 suggests, 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 independent of the data rate. In this paper,

we consider only the static power, as it is shown in [3], [4],

[5] that the dynamic power does not affect the solution of the

optimal buffer management problem to be defined later in this

section. However, the dynamic 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 byQ1 andQ2 the sizes of the two buffers.

Then their power arem1Q1 and m2Q2, respectively, where

the constantsm1 and m2 are the power per unit size of the

buffer memory (Watt per Mega byte). If the two buffers use

the same technology, we havem1 = m2. For example, for

Rambus direct RDRAM, the data form1 andm2 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 management literature

(see, e.g., [31], [34], [32], [46]).

We assume thatα > γ andβ > γ, 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 assumed to be turned on all the time, while each of the

components 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 consists 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) powerpx andpy, 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

kx andky, 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
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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 isp00 = 0;

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

power isp01 = py;

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

power isp10 = px;

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

power isp11 = px + py.

Denote byσ the system mode, and byS = {00, 01, 10, 11}
the set of all possible modes.

Let q1 be the amount of data stored in the buffer between

X and Y, andq2 be the amount of data stored in the buffer

between Y and Z. Depending on the mode,q1 andq2 change

at different constant rates. For example, when both X and Y

are on, i.e., when the system is in mode 11,q1 increases at

the rateα−β. Thus data are actually accumulating in the first

buffer if α > β, and depleting ifα < β. On the other hand,

q2 increases at the rateβ − γ. Combiningq1 and q2 into a

single two dimensional vectorq = (q1, q2), we conclude that

the rate of change ofq is (α − β, β − γ) when the system

is in mode 11. We denote this rate byv11. Similarly, we can

obtain the rates of change ofq in other modes:

v00 = (0,−γ), v01 = (−β, β − γ),

v11 = (α − β, β − γ), v10 = (α,−γ).
(1)

The four vectors in equation (1) are depicted in Fig. 3, with

the subfigures (a) and (b) corresponding to the cases when

α > β andα < β, respectively.

The modeσ and the variableq together specify the system

state of the pipeline of streaming data. Note thatq = (q1, q2)

is a continuous variable taking values in the rectangle[0, Q1]×

α−β,β−γ

α,−γ

−β,β−γ
11

0,−γ

01

00 10

0

v  =(         )
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α,−γ1000

α−β,β−γ11−β,β−γ
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)v  =(      ) v  =(      

0

(b)

Fig. 3.

[0, Q2], while σ is a discrete variable taking values inS. Thus

the pipeline system can be modeled as a hybrid system with

statez = (q, σ), where q is the continuous state andσ is

the discrete state of the hybrid system. Let[0, tf ] 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 mappingσ : [0, tf ] → S

so that the power states of the components X and Y at time

t ∈ [0, tf ] are specified by the modeσ(t). Typically, there

exists a sequence of time intervals[ti, ti+1), i = 0, . . . , n− 1,

with t0 = 0 ≤ t1 ≤ · · · ≤ tn = tf , such that the system mode

σ(t) during the time interval[ti, ti+1) is a constantσi, and that

immediately adjacent time intervals correspond to different

modes. In other words,σ(t) is piecewise constant with discrete

jumps at a finite number of time epochs. Under this scheme

σ(t), the continuous stateq(t) follows a continuous trajectory

given by the differential equation:

dq(t)

dt
= vσ(t), t ∈ [0, tf ]. (2)

In other words, the instantaneous rate of change forq at timet

is given by one of the four vectors defined in (1) corresponding

to the system modeσ at time t. Note that in equation (2)

the differentiation is defined for the duration[0, tf ] except

the finite number of time epochsti, 1 ≤ i ≤ n. Together,

z(t) = (q(t), σ(t)) forms a (hybrid) solution, or an execution,

of the hybrid system.

Fig. 4 shows two examples of solutions. Note that only

the continuous partsq(t) of the solutions are plotted. In both

cases, the system starts with both buffers empty, i.e.,(q1, q2) =

(0, 0), and both X and Y off. In Fig. 4(a), at the beginning, both
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X and Y are turned on for a certain time, thus(q1, q2) changes

along the arrow pointing towards the upper right direction.

After (q1, q2) reaches the point(a1, b1), Y is turned off first

while X remains on. Since X is still on,q1 keeps increasing

but q2 begins to decrease, and(q1, q2) follows the direction of

v10. When (q1, q2) reaches the point(a2, b2) with a2 = Q2,

i.e., when the first buffer is full, X is turned off and Y is

turned on. Then(q1, q2) follows the direction ofv01 until it

reaches(a3, b3) = (0, Q2), 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(q1, q2)

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.

In general, for a solutionz(t) = (q(t), σ(t)) during the

period[0, tf ] of interest, the energy consumption of the whole

pipeline system consists of the following three parts.

• Static energy consumed by X and Y:
∫ tf

0
pσ(t) dt, where

pσ(t) is the total component power in modeσ(t);

• Energy for changing the power states of the components

X and Y: nxkx + nyky. Here nx and ny are integers

denoting the numbers of times that X and Y are turned

on, respectively, during[0, tf ];

• Energy consumed by the buffer memory:(m1Q1 +

m2Q2)tf .

As a result, for the solutionz(t), the average power consump-

Symbol Page Definition Unit

α, β, γ 5 production/consumption MB/s

rates of X, Y, and Z

Q1, Q2 5 sizes of the two buffers MB

q1(t), q2(t) 6 amounts of data stored in MB

the two buffers at timet

m1, m2 5 power per unit size of Watt/MB

the two buffers

kx, ky 5 energies to turn on Joule

X and Y

S 6 four possible power states -

s 8 a particular power state -

ps 8 total power of X and Y Watt

in power states

σ(t) 6 power state at timet -

nx andny 7 numbers of times X, Y -

are turned on

z(t) = (q(t), σ(t)) 6 a hybrid solution -
∗ 8 (superscript) optimal value -

TABLE I

tion, P̄ , of the overall system during[0, tf ] is

P̄ (z; tf , Q1, Q2) =
1

tf

[
∫ tf

0

pσ(t) dt + nxkx + nyky

+(m1Q1 + m2Q2)tf

]

.

Note that the arguments of̄P are introduced to highlight the

dependence of̄P on tf , Q1, andQ2.

The dynamic power management problem is then to find

z(t) that can achieve the minimal average power. In particular,

if the time horizontf is large enough, the problem becomes:

Problem 1: Find the hybrid trajectoriesz(t) during [0,∞)

and the buffer sizesQ1 and Q2 that minimize the average

power lim
tf→∞

P̄ (z; tf , Q1, Q2).

This is an optimal control problem for the hybrid system

modeling 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 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.
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IV. PERIODIC SOLUTION

A hybrid trajectoryz(t) = (q(t), σ(t)) over the time interval

[0,∞) is called periodic with period T if it satisfies the

condition q(t + T ) = q(t) and σ(t + T ) = σ(t) for all

t ≥ 0. For suchz(t), the corresponding power state switching

strategyσ(t) is uniquely determined by itsswitching sequence

(σ0, . . . , σn−1) andswitching epochs(t1, . . . , tn−1) during the

first period[0, T ]. More precisely,σ(t) switches fromσi−1 to

σi at time ti for i = 1, . . . , n − 1. Note that the periodic

condition implies thatσ0 = σn. For periodicz(t) with period

T , the average powerlim
tf→∞

P̄ (z; tf , Q1, Q2) is equal to the

average power during the first period[0, T ]:

P̄ (z; T, Q1, Q2)

=
1

T

[

∑

s∈S

Tsps + nxkx + nyky + (m1Q1 + m2Q2)T

]

=
1

T

(

∑

s∈S

Tsps + nxkx + nyky

)

+ m1Q1 + m2Q2.

Here,s ∈ S is one of the four possible power states (modes),

ps is the corresponding total component power, andTs is the

total amount of time during[0, T ] when the system is in power

states. The sum of allTs is the length of the period:
∑

s∈S

Ts = T.

Since the solution is periodic, we must haveq(T ) = q(0),

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. Asvs is the speed of accumulation (or

depletion) of the buffer data in the power states, the following

condition must hold.

Lemma 1 (Constraint onTs): For periodicz(t),

∑

s∈S

Tsvs = 0.

This actually imposes two equality constraints onTs as each

vs is a two dimensional vector.

If we focus on periodic solutionsz(t), then Problem 1

reduces to the following problem.

Problem 2: Find a periodic hybrid trajectoryz(t) with a

proper periodT and the proper buffer sizesQ1 and Q2 that

minimize the average power̄P (z; T, Q1, Q2).

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 Prob-

lem 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 z(t) = (q(t), σ(t)) be a periodic hybrid trajectory with

periodT for buffer sizes ofQ1 andQ2. Let λ > 0 be a positive

number. Then, it can be verified thatλq(t/λ) is a continuous

trajectory in [0, λQ1] × [0, λQ2] satisfying equation (2) with

σ(t) replaced byσ(t/λ). In other words,(λq(t/λ), σ(t/λ))

is a periodic hybrid trajectory with the periodλT when the

sizes of the two buffers becomeλQ1 and λQ2, respectively.

The total time that the system spends in each power states

in a single period also scales by a factor ofλ, and becomes

λTs. We callzλ(t) , (λq(t/λ), σ(t/λ)) thescalingof z(t) =

(q(t), σ(t)) by λ. Compared with the original trajectory, the

scaled one follows the same switching sequence. The average

power consumed by followingzλ(t) is

P̄ (zλ; λT, λQ1, λQ2)

=
1

λT

(

∑

s∈S

λTsps + nxkx + nyky

)

+ m1λQ1 + m2λQ2

=λ(m1Q1 + m2Q2) +
nxkx + nyky

λT
+

1

T

∑

s∈S

Tsps

≥2

√

1

T
(m1Q1 + m2Q2)(nxkx + nyky) +

1

T

∑

s∈S

Tsps,

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

λ takes the value

λ∗ =

√

nxkx + nyky

(m1Q1 + m2Q2)T
. (3)

Note that in deriving the above inequality, we apply the

arithmetic and geometric means inequality: fora, b ≥ 0,

1
2 (a + b) ≥

√
ab with equality if and only ifa = b.

We call the valueλ∗ in (3) the optimal scaling factor. The

optimality of λ∗ implies that

P̄ (zλ∗ ; λ∗T, λ∗Q1, λ
∗Q2) ≤ P̄ (zλ; λT, λQ1, λQ2),
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for any λ > 0. In particular, if we chooseλ = 1, then

P̄ (zλ∗ ; λ∗T, λ∗Q1, λ
∗Q2) ≤ P̄ (z; T, Q1, Q2),

where equality holds if and only ifλ∗ = 1.

Thus, for any hybrid trajectoryz, unless the optimal scaling

factor λ∗ = 1, we can always scale it byλ∗, as well as the

buffer sizes, to obtain a different hybrid trajectoryzλ∗ whose

average power is smaller than that ofz. Thus a necessary

condition for z to be an optimal solution is thatλ∗ = 1.

By (3), this reduces to

Lemma 2 (Constraint onQ1, Q2, kx, ky and T ): A

solutionz(t), Q1, andQ2 to Problem 2 satisfies

nxkx + nyky = (m1Q1 + m2Q2)T. (4)

We can consider an extreme case whenkx = ky = 0. Then

condition (4) implies that the optimal buffer sizes areQ1 =

Q2 = 0. 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 toγ. On the other hand,

if kx (or ky) is set very high, then eithernx (or ny) is zero

so that the corresponding component does not switch at all,

or in the case of nonzeronx (or ny), the optimal buffer size

Q1 (or Q2) should be made very large, reducing the switching

frequency of the corresponding component to very low.

As a result of (4), for any solutionz(t), Q1, and Q2 to

Problem 2 with periodT , we have

P̄ (z; T, Q1, Q2) =
2

T
(nxkx + nyky) +

1

T

∑

s∈S

Tsps

= 2(m1Q1 + m2Q2) +
1

T

∑

s∈S

Tsps.

B. Tightness of Optimalq(t) in Q

Since a buffer consumes power proportional to its size,

unused buffer memory will unnecessarily waste power. As

a result, an optimal trajectoryz 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 summarized by the following lemma.

q
2

Q2

T10

Q

q

(0,0) 1

1

T00

11T

T01

(a)

q
2

Q2

Q1

T00

T01

T10

11T

q

(0,0)
1

(b)

Fig. 5.

Lemma 3 (Tightness inQ): A solution z(t) = (q(t), σ(t)),

Q1, andQ2 to Problem 2 satisfies that

min
t∈T

q1(t) = 0, max
t∈T

q1(t) = Q1,

min
t∈T

q2(t) = 0, max
t∈T

q2(t) = Q2.

Geometrically, Lemma 3 says thatq(t) as a curve inQ =

[0, Q1] × [0, Q2] contacts all four edges ofQ.

C. Reversing the Switching Sequence

Suppose thatz(t) = (q(t), σ(t)) is a periodic hybrid

trajectory with periodT for buffer sizesQ1 and Q2, and

with switching sequence(σ0, . . . , σn−1) and switching epochs

(t1, . . . , tn−1) in the first period[0, T ]. We can obtain a new

periodic hybrid trajectorŷz(t) = (q̂(t), σ̂(t)) with the same

periodT and buffer sizesQ1 andQ2 but a reversed switching

sequence(σn−1, . . . , σ0) as follows:

q̂(t) = (Q1 − q1(T − t), Q2 − q2(T − t)), σ̂(t) = σ(T − t),

for t ∈ [0, T ]. Fig. 5 illustrates two example trajectories that

can be obtained from each other by reversing the sequences.

It is easily verified that̂z(t) is also a valid periodic tra-

jectory. Note thatz(t) and ẑ(t) may have different starting

points. Indeed,z(0) and ẑ(0) are symmetric with respect to

the center ofQ. Moreover,

Lemma 4:Hybrid trajectoriesz(t) and ẑ(t) have the same

average power:̄P (z; T, Q1, Q2) = P̄ (ẑ; T, Q1, Q2).

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

solution z(t), Q1, and Q2 to Problem 2, there is another
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(a  ,b )1

22(a  ,b )

T11

T01
T00

3(a  ,b )3

0(a  ,b )0

1

q
2

Q2

T10

Q

q

(0,0) 1

1

(a)

Q(0,0) 1
q

1

0(a  ,b )0

1(a  ,b )1

22(a  ,b )

3(a  ,b )3

q
2

Q2

T11

T01

T00

T10

(b)

Fig. 6.

solution ẑ(t), Q1, and Q2, where ẑ(t) has the same period

but the reversed switching sequence compared withz(t).

V. PERIODIC SOLUTION WITH nx = ny = 1

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 solutionsunder

the constraint that X and Y each switches from off to on

exactly once during one period, i.e.,nx = ny = 1. This

simplifying restriction is adopted so that we can obtain the

analytic form of the optimal solutions. Optimal solutions with

nx > 1 or ny > 1 will be discussed in future work.

Under the constraintnx = ny = 1, we can assume without

loss of generality that the switching sequence of the optimal

solutionsz(t) to Problem 2 is(10, 11, 01, 00). Indeed, all the

other sequences withnx = ny = 1 can be obtained from this

sequence 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) Sub-sequences, 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 state01 degenerating to zero.

Fig. 6 shows two generic periodic solutions withnx = ny =

1 and the switching sequence(10, 11, 01, 00) for the cases

α > β and α < β, respectively. By Lemma 3, the rectangle

[0, Q1] × [0, Q2] must boundq(t) tightly. In the caseα > β,

this implies thata0 = 0, b1 = 0, a2 = Q1 andb3 = Q2; while

in the caseα < β, this implies thata0 = 0, b1 = 0, a1 = Q1

andb3 = Q2. The average power̄P to be minimized is

P̄ =
T01p01 + T11p11 + T10p10 + kx + ky

T
+

2
∑

i=1

miQi. (5)

A. Optimal Solutions Whenα > β

We first consider the caseα > β. By Lemma 3, we know

that in Fig. 6(a),a0 = 0, b1 = 0, a2 = Q1 and b3 = Q2.

In addition, a3 = 0 since the segment corresponding to the

power state00 is vertical. The trajectoryq(t) is completely

determined by the two parametersQ1 and Q2. In fact, the

point (a2, b2) = (Q1, b2) and the timeT01 that q(t) spends in

power state01 during one period can be determined from the

relation(Q1, b2) = (0, Q2) − v01T01 as

b2 = Q2 −
β − γ

β
Q1, T01 =

Q1

β
.

Since(Q1, b2) = (a1, 0) + v11T11, we deduce that

a1 =
α

β
Q1 −

α − β

β − γ
Q2, T11 =

Q2

β − γ
− Q1

β
.

Furthermore, since(a1, 0) = (0, b0) + v10T10, we have

b0 =
γ

β
Q1 −

γ(α − β)

α(β − γ)
Q2, T10 =

Q1

β
− (α − β)Q2

α(β − γ)
.

As a result of the above equation, sinceT10 ≥ 0 is nonnega-

tive, Q1 must satisfy

Q1 ≥ β(α − β)

α(β − γ)
Q2, (6)

which gives a lower bound ofQ1 for given Q2 that will be

used later in this section. Finally, from the relation(0, b0) =

(0, Q2) + v00T00, we can compute the time thatq(t) spends

in power state00 during one period as:

T00 = −Q1

β
+

β(α − γ)Q2

αγ(β − γ)
.

Combining the above results, the period ofq(t), T = T00 +

T01 + T11 + T10, is given by

T =
β

γ(β − γ)
Q2,
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and the average power̄P of q(t) within one period as is given

by (5) can be simplified to

P̄ = m1Q1 + m2Q2 +
C1

Q2
+ C2, (7)

whereC1 andC2 are positive constants defined by

C1 =
γ(β − γ)(kx + ky)

β
, C2 =

γ

α
px +

γ

β
py. (8)

To find the optimalQ∗
1 andQ∗

2 that minimizeP̄ in (7), the

optimization problem is solved in two steps. First, for each

fixed Q2, we find the value ofQ1 that minimizesP̄ . SinceP̄

is linear in Q1, the bestQ1 is given by its smallest possible

value, subject to the constraint (6). Then, after substituting the

best value ofQ1 into P̄ , we find the optimal value ofQ2 that

minimizes the resulting expression. Specifically,

min
Q1,Q2

P̄ = min
Q2

min
Q1

P̄ = min
Q2

P̄
∣

∣

Q1=
β(α−β)
α(β−γ) Q2

=min
Q2

{[

β(α − β)

α(β − γ)
m1 + m2

]

Q2 +
C1

Q2
+ C2

}

.

By applying the arithmetic and geometric means inequality,

we deduce that the average powerP̄ is minimized when the

value ofQ2 is chosen asQ∗
2 =

√

C1
β(α−β)
α(β−γ)m1+m2

, i.e.,

Q∗
2 = (β − γ)

√

αγ(kx + ky)

β2(α − β)m1 + αβ(β − γ)m2
, (9)

whereQ∗
2 denotes the optimal value ofQ2. From (6), we can

obtain the optimal value ofQ1 asQ∗
1 = β(α−β)

α(β−γ)Q
∗
2, i.e.,

Q∗
1 = (α − β)

√

βγ(kx + ky)

αβ(α − β)m1 + α2(β − γ)m2
. (10)

Thus, the corresponding minimum average powerP̄ ∗ is

P̄ ∗ =2

√

γ

αβ
(kx + ky) [β(α − β)m1 + α(β − γ)m2]

+
γ

α
px +

γ

β
py, (11)

and the optimal periodT ∗ is

T ∗ =

√

αβ(kx + ky)

βγ(α − β)m1 + αγ(β − γ)m2
. (12)

It is easily checked thatQ∗
1, Q∗

2, andT ∗ satisfy condition

(4) in Lemma 2. Since the optimalQ∗
1 andQ∗

2 are such that

equality holds in (6), we conclude thatT ∗
10 = 0. Hence, in the

optimal solutionz∗, the segment corresponding to the power

states = 10 vanishes. Fig. 7(a) illustrates such an optimal

trajectoryz∗ that starts with both buffers empty (i.e.,q∗ starts

q
2

Q2

T11

q
1Q1

*

T01
*

* *
22(a  ,b )00

(0,0)

T

* *

* *
*

*

*

0(a  ,b )0

3(a  ,b )3

(a)

*

*

*

*

*

*

*
* *

*

*

3(a  ,b )3

0(a  ,b )0

1(a  ,b )1
(0,0)

q
2

Q2

T00

q
1

T11

T10

Q1

(b)

Fig. 7.

from the origin) and both components X and Y turned on

(i.e., the starting power state iss = 11). Sinceα > β > γ,

data will accumulate in both buffers. AfterT ∗
11 time, the first

buffer reaches its capacityQ∗
1. Then, X switches off, and the

data in the first buffer starts decreasing while data in buffer 2

keeps accumulating. AfterT ∗
01 time, the first buffer is emptied

and the second buffer reaches its maximal capacityQ∗
2. 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 everyT ∗ time.

B. Optimal Solution Whenα < β

We now consider the caseα < β. In this case, we havea0 =

0, b1 = 0, Q1 = a1 andQ2 = b3, and the generic trajectory

q(t) plotted in Fig. 6(b) is fully determined by the two

parametersQ1 and Q2. Indeed, the vertex(a0, b0) = (0, b0)

can be solved from the relation(0, b0) = (Q1, 0) − T10v10 =

(0, Q2) + T00v00 as

b0 =
γ

α
Q1, T00 =

Q2

γ
− Q1

α
, T10 =

Q1

α
.

On the other hand, solving the equations(a2, b2) = (Q1, 0)+

T11v11 = (0, Q2) − T01v01 yields

a2 =
β

α
Q1 +

β(α − β)

α(β − γ)
Q2, b2 = −β − γ

α
Q1 +

β

α
Q2,

T01 =
Q1

α
+

(α − β)Q2

α(β − γ)
, T11 = −Q1

α
+

βQ2

α(β − γ)
.
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Note that, sinceT01 ≥ 0, we must have

Q1 ≥ β − α

β − γ
Q2, (13)

which gives a lower bound onQ1 for fixed Q2.

The period of q(t) is T = T00 + T11 + T01 + T10 =

β
(β−γ)γ Q2. Thus the average power is reduced to

P̄ = m1Q1 + m2Q2 +
C1

Q2
+ C2, (14)

whereC1 and C2 are constants defined in (8). Note thatP̄

has the same expression as in the previous case, despite the

different expressions forT00, T01, T10, T11, etc. Therefore, we

can follow similar steps to find the optimalQ∗
1 and Q∗

2 that

minimize P̄ . The only difference is that the lower bound on

Q1 for a givenQ2 is now given by (13) instead of (6). We

omit the detailed derivation, and write the results as:

Q∗
1 = (β − α)

√

γ(kx + ky)

β(β − α)m1 + β(β − γ)m2
,

Q∗
2 = (β − γ)

√

γ(kx + ky)

β(β − α)m1 + β(β − γ)m2
.

The corresponding optimal average powerP̄ ∗ and optimal

periodT ∗ are

P̄ ∗ = 2

√

γ(kx + ky)

β
[(β − α)m1 + (β − γ)m2] +

γ

α
px +

γ

β
py,

T ∗ =

√

β(kx + ky)

γ(β − α)m1 + γ(β − γ)m2
.

Since equality holds in (13), in Fig. 6(b), the segment

corresponding to the power states = 01 vanishes. See

Fig. 7(b) for a plot of such an optimal solutionz∗. For this

z∗, 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

T ∗
10 time, buffer 1 reaches its capacityQ∗

1 and buffer 2 is

emptied. Then, component Y is switched on. Sinceα < β,

data in buffer 1 will start decreasing, and data in buffer 2 will

start increasing asβ > γ. After exactly T ∗
11 time, buffer 1

is emptied again while buffer 2 reaches its capacityQ∗
2. 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

b∗0 afterT ∗
00 time. This process is then repeated everyT ∗ time.

In practice, since the periodic solution does not start withboth

Y ZX buffer 1 buffer 2
β β γα ’

Fig. 8.

buffers empty, a transient period is needed before it reaches

steady state.

C. Optimal Solution Whenα = β

This case can be treated as a limiting case of the previous

two by letting β → α from either below or above. In either

case, we haveQ∗
1 = 0, andQ∗

2 =
√

γ(β−γ)(kx+ky)
βm2

. Explicitly,

according to this strategy specified, only the second bufferis

needed with the sizeQ∗
2, and the first buffer has size 0, thus

can be removed. At time0, the second buffer is empty and

both X and Y are switched on. Sinceα = β > γ, data will

accumulate in the second buffer until reaching its capacityafter

T ∗
11 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

T ∗
00 time. Thus, whenα = β, 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 β. 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 rateβ,

performs some processing, and fills the data into the second

buffer at the rateβ′, as shown in Fig. 8, whereβ and β′

are known constants. Thus Y compresses data ifβ > β’,

and decompresses data ifβ < β’. To ensure that there are

enough data forZ to consume, the constraint thatα > γ in

the original model has to be replaced byαβ′

β
> γ due to

the compression/decompression effect ofY . In addition, the

constraint thatβ > γ now becomesβ′ > γ.

We can follow the same procedure presented in Section V-

A to calculate the optimal buffer sizes and the length of the
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period. The only difference in the procedure is to replace some

β with β′ in equation (1). Specifically,v01 = (−β, β′−γ) and

v11 = (α − β, β′ − γ). Whenα > β, the derived expressions

for the optimal buffer sizes, the optimal period length, andthe

optimal average power are,

Q∗
1 = β(α − β)

√

γ(kx + ky)

αββ′(α − β)m1 + α2β′(β′ − γ)m2
,

Q∗
2 = α(β′ − γ)

√

γ(kx + ky)

αββ′(α − β)m1 + α2β′(β′ − γ)m2
,

T ∗ =

√

αβ′(kx + ky)

βγ(α − β)m1 + αγ(β′ − γ)m2
,

P̄ ∗ = 2

√

γ

αβ′
(kx + ky)(β(α − β)m1 + α(β′ − γ)m2)

+
βγ

αβ′
px +

γ

β′
py.

Similarly, whenα < β, the optimal values are given by

Q∗
1 = (β − α)

√

γ(kx + ky)

β′(β − α)m1 + β′(β′ − γ)m2
,

Q∗
2 = (β′ − γ)

√

γ(kx + ky)

β′(β − α)m1 + β′(β′ − γ)m2
,

T ∗ =

√

β′(kx + ky)

γ(β − α)m1 + γ(β′ − γ)m2
,

P̄ ∗ = 2

√

γ

β′
(kx + ky)((β − α)m1 + (β′ − γ)m2)

+
βγ

αβ′
px +

γ

β′
py.

E. Discrete Memory Size

In the previous sections, a linear memory power model is

assumed, i.e., it is assumed that the memories can take an

arbitrary size, 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 powerP̄ in (7) and

(14) are convex functions of the buffer sizesQ1 andQ2. Thus,

whenQ1 andQ2 can only take discrete values that are integer

multiples of some unit sizes, or equivalently, when(Q1, Q2)

takes values in the (scaled) integer grids on the plane, the

minimal P̄ is achieved at one of the grid points closest to the

optimal value(Q∗
1, Q

∗
2) as determined using the linear memory

q
2

q
1Q1

*

Q2
*

Q2

Q1

Q2

Q1

(0,0)

Fig. 9.

model with continuous memory size. For each real numberQ,

we useQ to denote the largest available discrete memory size

less thanQ and Q the smallest available discrete memory

size greater thanQ. 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(Q∗
1, Q

∗
2). Denote by

Q = {{Q∗

1
, Q

∗

1}×{Q∗

2
, Q

∗

2}} the set of these four grid points.

Let Q1 and Q2 be the optimal available buffer sizes in

the discrete memory size model. Then, unless the ratioQ1

Q2

is the same asQ
∗

1

Q∗

2
, the optimal trajectoryq∗(t) obtained in the

continuous memory size model can not fit into the rectangle

[0, Q1] × [0, Q2] tightly, even after a proper scaling. In this

case, the optimal trajectoryq(t) for the discrete memory size

model can be obtained by scalingq∗(t) so that it is contained

in the rectangle[0, Q1] × [0, Q2] 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 casesQ1

Q2
<

Q∗

1

Q∗

2
and Q1

Q2
>

Q∗

1

Q∗

2
, respectively. In the first

case, the curveq(t) never touches the top edge, implying that

there are some unused memory for the second buffer. In the

second case,q(t) never touches the right edge of the rectangle,

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
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Fig. 10.

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(Q1, Q2) ∈ Q,

we obtain the trajectoryq(t) from q∗(t) as described in the

previous paragraph. Depending on whetherQ1

Q2
<

Q∗

1

Q∗

2
or not,

the average power consumed byq(t) can be calculated as:

P̄ =







m1Q1 + m2Q2 + C1

Q2
+ C2 if Q2 ≤ Q∗

2

Q∗

1
Q1,

m1Q1 + m2Q2 +
Q∗

1

Q∗

2

C1

Q1
+ C2 otherwise.

The optimal discrete buffer size(Q̂2, Q̂2) can then be deter-

mined by

(Q̂1, Q̂2) = argmin
(Q1,Q2)∈Q

P̄ .

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 theC2 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

Device pp (W) k (J) DataRate (MB/s)

TravelStar 2.166 17.100 17.60

Microdrive 0.221 0.151 1.824

LAN 0.500 0.333 5.826

WAN 0.500 0.333 0.443

MPEG-1 —– —– 0.1875

MPEG-2 —– —– 3.125

MP3 —– —– 0.016

TABLE II

Number X Y Z Q∗

1
(MB) Q∗

2
(MB)

1 TravelStar LAN MPEG-1 37.658 54.728

2 TravelStar LAN MPEG-2 184.533 129.694

3 TravelStar LAN MP3 10.904 16.324

4 TravelStar WAN MPEG-1 56.566 33.462

5 TravelStar WAN MP3 14.780 14.614

6 Microdrive LAN MPEG-1 6.450 9.054

7 Microdrive LAN MP3 1.807 2.701

8 Microdrive WAN MPEG-1 7.894 6.013

9 Microdrive WAN MP3 2.030 2.585

TABLE III

algorithms, 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 1GB Micro-

drive and an IBM 2.5” TravelStar hard disk, which will be

referred 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

network 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

command 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 measure the disk’s power consumption under different data
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read rates (MB/s). After subtracting the static power, we divide

the differences by the rates, and use the average value of these

quotients as the dynamic energy for reading one MB of data

at a typical rate. Together, these two measures can be used

to compute the producer’s average powerpp when producing

data. We determinek by measuring the energy consumed

by the hard disk when it is turned on. The results of these

measurements are summarized 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 powerpp. 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 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 buffersQ1 andQ2 can be looked up in the data

sheet [30] as 6.258×10−4 W/MB. Thus the power consumed

by a 16MB memory block is6.258× 10−4 × 16 = 0.010 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 ofthe

test cases listed in Table III is run for memory resolutions of 2

MB, 4 MB, 8 MB, 16 MB, 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 described in Section V-E is computed numerically

for each of the memory resolutions. The results are shown in

Fig. 11, which exhibit a graceful degradation in power savings

as memory block 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 solutions 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 consider 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 usingthe

3 vectors that the optimal policy uses. It is worth noting that
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when optimal 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) Q1 = 8, Q2 = 8, (b) Q1 = 4, Q2 = 8, (c) Q1 =

8, Q2 = 1, and (d)Q1 = 4, Q2 = 1. The results show that

our optimal policy 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

sizesQ∗
1, Q∗

2, optimal periodT ∗, and optimal power savings

with respect to changes in various system parameters. Since

the optimal buffer sizes are derived analytically in Section V,

the effects of parameter variation can also be determined

analytically. We define the sensitivity of a system outputy

with respect to a parameterx as the ratio of changes iny to

incremental changes inx [43]. The (relative) sensitivity can

be calculated by findingSy
x = ∂y

∂x
x
y

. For example, assuming

α > β, the sensitivity ofQ∗
2 to variations in the rateα can be

computed from equation (9) as:

S
Q∗

2
α =

∂Q∗
2

∂α

α

Q∗
2

=
−β2m1

β(α − β)m1 + α(β − γ)m2
. (15)

From (15) we see that the sensitivity ofQ∗
2 to α depends

on α, β, γ, m1, andm2. By substituting in these values, we

can determine the effect of a small variation inα has on the

optimal buffer sizeQ∗
2. This equation reveals that, for small

values ofα, small changes inα tend to have large effects,

whereas the sensitivity decreases asα 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.
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Parameter Value Units

kx 17.100 J

ky 0.333 J

m1 6.258×10−4 W/MB

m2 6.258×10−4 W/MB

px 2.166 W

py 0.500 W

γ 0.016 MB/s

TABLE IV
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In Fig. 13, we plot the values ofQ∗
1, Q∗

2, Q∗
1 + Q∗

2, and

the average power savings computed by our optimal solution

using the parameters given in Table IV forα and β varying

within the range[0.017, 17.6] which represents the range of

data rates found in our experimental hardware and forγ taking

the value0.016. Several insights can be obtained from these

plots. From Fig. 13 (a) and (b), the values ofQ∗
1 andQ∗

2 are

relatively insensitive to variations ofα andβ whenα andβ are

sufficiently larger thanγ and α is sufficiently different from

β. Fig. 13(c) shows that the total buffer size is not symmetric

with respect toα andβ. This implies that if X produces data at

the rateβ and Y through-puts the data at the rateα, the total

memory required in the optimal solution would be different

than if X produces data at the rateα and Y through-puts the

data at the rateβ, even if the physical characteristics of the

two buffers are identical. Finally, we can see in Fig. 13(d) that

whenα andβ are close toγ, power savings are minimal. On

the other hand, when bothα andβ are more than two orders

of magnitude larger thanγ, the power savings almost level off

whenα andβ increase further.

VII. C ONCLUSION

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, propertiesof

optimal solutions are derived. Using these properties, a method

is presented for determining the optimal buffer sizes and the

optimal switching strategies for periodic solutions whereeach

device 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 available

only in discrete values. Simulation results are presented for

some practical streaming data applications, which show a

minimum 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.

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 ofstochastic hybrid

systemsproposed 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 compo-

nents and a buffer in between whose incoming data rateα 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 solutions that allow each component to

switch on multiple times during each period. The main issue
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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 opti-

mization tools such as mixed integer programming in finding

exact/approximate solutions to the optimal buffer management

problem in these general scenarios.
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