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Abstract—Dynamic power management aims at extending battery life by switching devices to lower-power modes when there is a

reduced demand for service. Static power management strategies can lead to poor performance or unnecessary power consumption

when there are wide variations in the rate of requests for service. This paper presents a hierarchical scheme for adaptive dynamic

power management (DPM) under nonstationary service requests. As the main theoretical contribution, we model the nonstationary

request process as a Markov-modulated process with a collection of modes, each corresponding to a particular stationary request

process. Optimal DPM policies are precalculated offline for selected modes using standard algorithms available for stationary Markov

decision processes (MDPs). The power manager then switches online among these policies to accommodate the stochastic

mode-switching request dynamics using an adaptive algorithm to determine the optimal switching rule based on the observed sample

path. As a target application, we present simulations of hierarchical DPM for hard disk drives where the read/write request arrivals are

modeled as a Markov-modulated Poisson process. Simulation results show that the power consumption of our approach under highly

nonstationary request arrivals is less than that of a previously proposed heuristic approach and is even comparable to that of the

optimal policy under stationary Poisson request process with the same arrival rate as the average arrival rate of the nonstationary

request process.

Index Terms—Low-power design, hierarchical modeling, adaptive dynamic power management, nonstationary service requests.
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1 INTRODUCTION

MANYcomputing devices today offer multiple operating
states with different levels of power consumption and

performance. Dynamic power management (DPM) saves
power by selectively switching such a device into lower
power states when there is no useful activity. The objective
of DPM is to reduce power consumption without severely
affecting the overall performance of the device [2], [3]. In
recent years, DPM has helped to reduce the power
consumption of hard disk drives (HDDs) in mobile
computers from 25 percent to less than 10 percent [14].

Fig. 2a illustrates a basic power management system.

Service requests arrive and are buffered in a queue if the

device cannot serve them immediately. The power manager

faces the DPM problem to make decisions about when the

device should go to a different operating state and which

operating state to go to. In general, the arrival and service

processes of requests and power state transition processes

are random. If these processes are stationary, the

DPM problem can be formulated as a Markov decision

process (MDP) problem [1], [8], [13] for which a stationary

optimal DPM policy exists and can be computed. Typically,

the objective is to optimize performance (e.g., waiting time

and loss probability of requests) subject to a given limit on
power consumption or to minimize power consumption
subject to a bound on performance. Under the stationary
optimal policy, the power manager selects the device power
state based on a system state. Under the Markovian
assumption on the random processes [1], [8], the system
state is the number of pending requests and the device
power state. A time index is added into the system state in
[13] to handle non-Markovian but stationary random
processes.

In most applications, however, the service request
process, is not stationary. For example, as shown in [12],
the service requests to a hard disk drive (HDD) can vary
significantly as the pattern of application accessing the disk
changes. Fig. 1 shows a two-hour long trace of service
requests in which five applications (Windows Explorer,
Internet Explorer, Microsoft Outlook, Adobe Photoshop, and
Windows Media Player), in a Windows 2000 environment,
access the HDD alternatively for read/write operations
(transfers). As we can see, the statistics of the arrival times
of the transfers vary dramatically among these applications.
This wide variation provides opportunities for power
savings. The main objective of this paper is to introduce a
hierarchical adaptive scheme for DPM that deals effectively
with such nonstationary process of service requests.

For nonstationary situations, we model the request
process as a Markov-modulated stochastic process of stationary
workloads. Each workload generates stationary request
arrival and service processes for the device. The modulated
process is a multimode model in which each mode
corresponds to a given workload and mode transitions are
modeled as a discrete-time Markov chain. The statistics of
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the mode transition process, determined by a Markov chain
transition matrix Q, define the usage pattern of the device. In
this paper, we develop an adaptive algorithm that works
hierarchically and does not assume precise knowledge of
the parameters in the Markov-modulated model.

The two-level hierarchical scheme for the adaptive DPM
follows from the multimode model for the request process.
The lower level is comprised of a set of precomputed DPM
policies: Each (randomized) policy selects the device power
state according to the current system state. The upper level
selects the DPM policy to be applied at any time according
to the current system state and the current mode of request
process (if the mode is known).

From the perspective of the policy-switching Power
Manager, the switching problem can again be viewed as an
MDP. The decision difficulty arises because of 1) a large set
of possible modes and policies, 2) limits on the frequency of
policy switching, and 3) some unobservable modes (arrival
statistics that cannot always be associated with observable
features in the system). All of these issues are due to
overhead concerns since the complexity of the policy
switching is directly related to the number of modes,
switching decision frequency, and obtaining the mode
information.

We provide a way to flexibly adjust the decision
complexity for the Power Manager. This is done through
selection of a set of special “observable” modes. The policy
set is chosen as the set of precomputed optimal policies
under stationary workloads associated with these special
modes. The Power Manager only does policy switching
when the system is in a special mode, either a “safe” policy
(safe in the sense of acceptable performance delivery) or the
previously selected policy stays applied in between switch-
ing epochs. In our adaptive algorithm, only an agreement
on what modes are observable is needed; we do not assume
the arrival statistics under these modes are known and we
do not directly estimate these statistics in our scheme. We
develop an adaptive algorithm of policy switching for the
Power Manager. The decision complexity can be adjusted
through selecting different “observable” mode sets. We also

provide some heuristics in selecting mode and policy sets
for the policy switching.

We present simulation results for hierarchical DPM in an
HDD application. In the simulation, the request arrival
process is modeled as a Markov modulated Poisson process
[5] and the request service process is assumed stationary
Poisson. We compare our policy switching approach to an
approach proposed in [4], based on policy interpolation, in
which the arrival statistics are estimated directly from the
request arrival processes. The approach in [4] is similar to
our approach in that is uses precalculated policies, but it
applies an interpolated DPM policy that matches the
current statistics under the assumption that those statistics
remain stationary long enough to make it essentially an
infinite time horizon. We show that our adaptive hierarch-
ical DPM scheme performs better than the interpolation
scheme under the highly nonstationary arrival processes
and that it is even comparable to the optimal policy for the
stationary Poisson arrival process with the same arrival rate
as the average arrival rate of the nonstationary process.

The remainder of the paper is organized as follows:
Section 2.1 reviews the DPM problem. Section 2.2 illustrates
the formulation of DPM problem as a stochastic optimiza-
tion problem when the service request process is stationary.
In Section 3, we present our hierarchical approach to DPM
and the adaptive algorithm for computing an optimal
switching rule based on sample-path observations. Section 4
presents several simulation studies for the hierarchical
adaptive DPM algorithm. Finally, we summarize our main
contribution and suggest a few directions for future work.

2 REVIEW OF THE DPM PROBLEM

This section reviews some background material on DPM.
For illustration, we consider a device with two power states,
active and idle, as shown in Fig. 2a. In Fig. 2a, Pa and Pi are
power consumed in the two states, respectively; Pai and Tai

are the power and time needed for the transition from active
to idle and Pia and Tia are the power and time for the
transition in the opposite direction. The Power Manager can
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Fig. 1. A two-hour HDD trace: (a) read/write per second and (b) application (mode) switching.



issue two control actions: GO�ACTIV E and GO� IDLE.
When the control action GO�ACTIV E (GO� IDLE) is
issued, the device will start the transition to the active (idle)
state if the current power state is idle (active) or will stay as
active (idle) if the current power state is already active (idle).

2.1 Heuristic Power Management

Fig. 2b shows an operation sample path of the device
without DPM and with a greedy DPM policy. For the
greedy DPM policy, the Power Manager commands a
power-state transition to idle as soon as there is no request
in the system and to active as soon as there is a new arrival.
From Fig. 2b, we see that the service performance
(measured by the average number of pending requests)
deteriorates after a power-state transition to idle is issued.

Under the assumption of unbounded buffer and Poisson
arrival and service processes with rates � and �, the
expected power saving with a greedy policy is calculated as

EfPg �EfPDPMg ¼
ð�� �Þ �ðTai þ TiaÞðPa � PtranÞ þ e��TaiðPa � PiÞ

� �
��ðTai þ TiaÞ þ �e��Tai

;
ð1Þ

where transition power is defined as Ptran ¼ TaiPaiþTiaPia

TaiþTia
.

We have the limiting case in which the time and
power consumption of the power-state transitions can
be ignored in (1):

lim
Tai!0

lim
Tia!0

fEfPg � EfPDPMgg ¼ ð1� �=�ðPa � PiÞ: ð2Þ

The performance degradation with a greedy policy is
calculated as

EfNDPMg �EfNg ¼ �T

2
þ �T

2ð1þ �T Þ ; ð3Þ

where T ¼ Tai þ 1
� ðe��Tai � 1Þ þ Tia and N is the number of

requests in the system.
The limiting case of (3) is

lim
Tai!0

lim
Tia!0

fEfNDPMg � EfNgg ¼ 0: ð4Þ

From (2) and (4), we see that, when the transitions
between power states are instantaneous and negligible time
and power are paid for performing these transitions, DPM
is a trivial task and the optimal solution is the greedy policy.

There are usually nonnegligible performance and power
costs for power state transitions, however; that is, in most
practical cases, Tai, Tia, Pai, and Pia cannot be ignored.
When power state transitions have costs, the power
manager needs to decide when it is worthwhile to transit
to a low-power state and which state should be chosen if
there are multiple low-power states available. The essence
of DPM is to find a good trade off between power
consumption and performance delivery.

A heuristic power management is based on a simple
time-out policy [6]. That is, when there is no activity in the
device, the Power Manager waits for a fixed period before
putting the device into low-power state. The weakness of
this approach is that the time-out value does not use any
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Fig. 2. (a) Dynamic power management of a device with two power states. (b) An operation sample path of the device without DPM and with a greedy

DPM policy.



models of the service request process for the device. An
improved approach implemented for the HDD application
by IBM [14] is based on an evaluation of the statistics of idle
periods (the time period between two request arrivals) and
minimizes the expected power consumption in an idle
period with this statistical information. IBM’s software,
Adaptive Battery Life Extender (A.B.L.E.) [15], measures
the request frequency distribution and calculates the prob-
ability that the current burst of requests is complete based on
the statistics of the distribution for the power-performance
trade off. The result of this approach is a time-threshold-
based power state transition scheme and its improvement
over the static time-out-based approach is that time-out
values are now made adaptive to the actual usage pattern.
This approach does not, however, take into account the fact
that turning the device into the lowpower state in the current
idle period will affect the length of the next idle period.

2.2 Formal Models of Power Management

When the service request process is stationary, a Markovian
model can be derived for a power managed systems by
properly defining the state in the model. Under the
Markovian model, the DPM problem or, essentially, a
sequential decision problem under uncertainty (MDP
problem) is formulated as follows:

The system is modeled as a controlled discrete-time
Markov chain, denoted as S ¼ fSn; n � 0g; with system-
state space � ¼ f�1; �2; � � � ; �j�jg, where jAj denotes the
cardinality of the set argument A. At each decision epoch
n � 0; a power state transition action Un is taken from an
action space A and applied to the Markov chain. Að�Þ � A
is the set of available actions if the system is in state � 2 �: If
an action Un ¼ � 2 Að�Þ is taken at state Sn ¼ �, a power
consumption of fð�; �Þ occurs with a set of performance
measurements f1ð�; �Þ; f2ð�; �Þ; � � � ; fIð�; �Þ; the system
then transits to state Snþ1 ¼ �0 2 � with probability
p�ð�; �0Þ.

A policy c is a mapping c : � ! PðAÞ, where PðAÞ
denotes the set of all the probability distributions over a
given finite set A. Under a policy c, action � 2 Að�Þ is
applied to the system with probability ½cð�Þ�� when the
system state is � 2 �. The long run average power
consumption under a policy c is

JfðcÞ ¼ lim
N!1

ES0;c
1

N

XN�1

n¼0

f Sn; Unð Þ½ �
( )

:

The finite state space guarantees the existence of the limit.
Depending on the property of the Markov chain, this long
run average can depend on the initial state of the chain in
the multichain model. In the case of a unichain, that is,
when the chain has a single positive recurrent state class
with some possible transient states under every policy, the
long run average is the same under a policy no matter what
the initial state is. Similar long run average performance
measurements can also be defined for every f1; f2; � � � ; fI .

Based on the MDP, the Power Manager solves a problem
of stochastic optimization under performance constraints,
for example, minimization of average power consumption
subject to limits on average waiting time and loss prob-
ability for service requests. Various algorithms exist for

solving the constrained MDP problem and a good collection
of them is given in [9]. The solution of the optimization
problem is an optimal DPM policy that initiates power-state
transitions based on the current system-state information.
More accurate trade offs can then be made with this more
complicated decision model. For instance, instead of using a
greedy policy, the Power Manager could wait until there is
more than one request in the system before turning on the
device to save more power if the degradation in (3) is far
below the acceptable level.

We now provide simulation results for DPM formulated
as an MDP problem. For simplicity, we do not use the time-
indexed model in [13] for nonexponential probability
distributions. That is, in the simulation, we assume that
the request interarrival time, power state transition times,
and request service time are all random variables with
negative exponential distributions. Under this assumption,
the system can be modeled as a continuous-time Markov
chain. This continuous-time system is then discretized, by
sampling the continuous-time system at times when request-
arrival events, service-completion events, and power-state
transition-completion events occur, to obtain the discrete-
time model.

We simulate DPM on an HDD with the power states in
Fig. 2a and a buffer of length one. The parameters used in
our simulation are as follows: Pa ¼ 2:1W , Pi ¼ 0:65W ;
Pai ¼ Pia ¼ 1:4W ,1 Tai ¼ Tia ¼ 0:4s are expected values of
power state transition times.

Thediscrete-timeMDPhassix states, that is, the state space
is � ¼ fðnhq; npsÞ; nhq ¼ 0; 1; 2; nps ¼ 1; 2g, where nhq is the
total number of requests in the buffer andHDD and nps is the
power state of theHDD (1 stands for active and 2 for idle). The
action space is A ¼ fGO�ACTIV E;GO� IDLEg. The
control objective is to minimize the average power con-
sumption under two performance constraints: the average
waiting-time limit of service requests in the buffer bw and
the loss-probability limit of incoming service requests bl.
The performance function f1 for calculating average wait-
ing time is defined as the number of service requests in the
system or f1ððnhq; npsÞ; �Þ ¼ nhq. The long run average of f1

is proportional to the average waiting time based on Little’s
theorem in queuing theory. The performance f2 associated
with loss probability is defined as a Boolean function
f1ððnhq; npsÞ; �Þ ¼ 1 if the buffer is full and zero otherwise.

A policy provides probabilities for choosing actions
GO�ACTIV E and GO� IDLE for the six system states.
Clearly, the always-active (always-idle) policy which issues
GO�ACTIV E (GO� IDLE) at all the states consumes
maximum (minimum) power of 2:1W (0:65W ) and delivers
maximum (minimum) performance.

We calculated the optimal DPM policy under five
Poisson workloads. A workload in this paper is defined as
a pair of stationary request arrival and service processes in
the DPM setup, Fig. 2a. When both the arrival and service
processes are stationary and Poisson, we have a Poisson
workload. The five Poisson workloads in our simulation
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1. The power-specific parameters are chosen to be comparable to those
from [14] for an HDD. Note that the active power state in this paper is in fact
the combination of active and performance idle states in [14]; the idle state in
this paper is the low power idle state in [14].



have arrival rates �i; i ¼ 1; 2; � � � ; 5 given in the last column
of Table 1 and the same service rate of � ¼ 1:0r=s. Table 1
illustrates the five optimal policies designed under limits
bw ¼ 0:5 second and bl ¼ 0:05. Each entry in Table 1
specifies probabilities for choosing actions GO�ACTIV E
and GO� IDLE at a particular system-state. For instance,
under the second workload, when the buffer is empty and
the HDD is idle, i.e., at state (0, 2), the policy activates the
HDD with probability 0.36. The table shows that the major
difference between these policies occurs at states (0, 1) and
(0, 2), i.e., when there is no service request in the system.
The second column from the right in Table 1 gives the
power consumption under the five cases.

3 HIERARCHICAL DPM

In the above study, we assumed a stationary workload and,
therefore, obtained stationary MDP models. However, each
application in the system can generate dramatically different
read/write patterns to the disk, which results in nonsta-
tionary request arrival and service processes (see Fig. 1).
Therefore, the stationary assumption on the MDP model is
generally not valid in practice. We propose a hierarchical
approach to studyDPMfor systemswithnonstationaryusage
patterns, based on a multimode MDP model.

In the multimode MDP model proposed in [11], a mode

variable is used to model the source of the nonstationarity.

For instance, the mode can be the application (or process)

that generates the read/write requests to the disk. In the

multimode MDP model, the state of a controlled Markov

process X has two variables, the system state, as defined in

the previous section, and the mode. The mode influences the

system state transition probabilities. If a power state

transition action Un ¼ � 2 Að�Þ is taken at state Sn ¼ �,

the incurred power is fð�; �Þ, and the performance

measurements are f1ð�; �Þ; f2ð�; �Þ; � � � ; fIð�; �Þ. The system
transits to state Snþ1 ¼ �0 2 � with probability p��ð�; �0Þ,
where Mn ¼ � is the mode at time n. The mode transits

from Mn ¼ � 2 M to Mnþ1 ¼ �0 2 M with probability

qð�; �0Þ. That is, the mode process is a Markov chain with

probability transition matrix Q ¼ ½qð�; �0�j�;�0 .

The whole system-and-mode model is then given by an

MDP:X ¼ ðS;MÞ ¼ fXn ¼ ðSn;MnÞ; n � 0gwith state space

��M; the action set available for state ð�; �Þ isAð�Þ. Solving

MDPXmeans to specify an actionUn 2 AðSnÞwhen the state

is Xn ¼ ðSn;MnÞ, for every n ¼ 0; 1; 2; � � � , based on some

optimality criterion (long run average in this paper). This

can be difficult to achieve usually because of two reasons: 1)

The additional mode variable in the model may result in a

much larger state space and computation to obtain the

optimal policy; 2) unavailable mode information at some

time epochs. For instance, suppose a PC with Windows

2000 has 50 processes running according to the task

manager. If we incorporate all 50 processes into our

multimode model for the HDD, we will have a state space

50 times larger than that of a regular MDP (300 states

compared with six states). Also, to obtain the mode and

system state information requires that the Power Manager

interfere and pause the disk operation to acquire the

process ID associated with each read/write request to

decide on the power state transitions, which may cause too

big an overhead to be ignored. The decision complexity

along the state and time spaces in the model are the main

obstacles for achieving the optimal solution.

We provide a decision mechanism to reduce the decision

complexity over both the state and time space, based on the

idea of policy switching. Fig. 3 shows our proposed

hierarchical policy switching architecture. The policy-switch-

ing scheme for this architecture is a triplet ðC;Mt; SRÞ,
where: C ¼ fc1; c2; � � � ; cjCjg is a set of available policies;2

Mt � M is the set of observable modes;3 and SR : ��Mt !
PðCÞ is a (nondeterministic) switching rule. The scheme

operates as follows: Each time the system mode is in Mt,

the switching rule SR makes the decision on choosing a

policy from C and applies it to the system. This chosen

policy is applied to the system until the next time the

system mode is in Mt again. For a given SR, policy c 2 C is

applied to the system with probability ½SRð�; �Þ�c when the

system state is � 2 � and the mode is � 2 Mt. By only

making decisions at a subset of states in the state space and

at a subset of time epochs along the time axis, this
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TABLE 1
Optimal Policies and Power Consumption under Five Poisson Workloads

2. Although policies in C can be general policies, they are usually optimal
policies associated with some stationary modes. The rationale is that this
setup can at least handle the case of slow mode evolution process well.

3. A basic requirement of Mt is that it should include at least one of the
positive recurrent states in the Markov chain of the mode process. This
ensures a finite time interval between switching epochs.



mechanism therefore reduces the decision complexity from

solving the entire MDP X.
Let g : ð��MÞ �A ! R be a given function character-

izing the power or performance measures for each state-

action pair. JgðSRÞ is the long run average of g under

switching rule SR, that is, for g ¼ f; f1; f2; � � � ; fI ,

JgðSRÞ ¼
1

��Mtj j
X
S0;M0

lim
N!1

ESR;S0;M0
1

N

XN�1

n¼0

g Sn; Unð Þ½ �
( )

:

We define the long run average in a way that accommo-

dates the general multichain model. In a multichain, the

average depends on the probability distribution of the

initial state. This definition assumes equal probabilities of

all possible initial states.
For the hierarchical switching architecture in Fig. 3, the

optimal switching rule problem can be formulated as: Given

policy set C and mode set Mt, find an SR with minimum

long run average power under the performance constraints,

that is:

min
SR

JfðSRÞs:t: JfiðSRÞ � bi; i ¼ 1; 2; � � � ; I; ð5Þ

where bi for i ¼ 1; 2; � � � ; I are performance bounds on the

performance measurements.
The process X running under an SR is not generally

Markovian since knowing the current system mode and

state does not imply knowing the current policy.

However, it can be shown that a process embedded in

the switching epochs (times when the system mode is in

Mt) is Markovian. Consider a sample path of X: ! ¼
fX0; X1; X2; � � � ; g running under an SR. Without loss of

generality, we assume that M0 2 Mt. Let T0 ¼ 0 and

Ti ¼ mintft > Ti�1;Mt 2 Mtg, i ¼ 1; 2; � � � . fYi ¼ XTi
; i ¼

0; 1; 2; � � �g forms an embedded Markov chain.
A new MDP can be formulated on process Y. In this new

MDP, at each state ð�; �Þ 2 ��Mt, an action is the

selection of a policy in C. When policy c is selected and

applied to the system, Y transits to state ð�0; �0Þ 2 ��Mt

with probability

~ppc ð�; �Þ; ð�0; �0Þ½ � ¼
X
�1

½cðS0Þ�U0
� pU0

M0
ðS0; S1ÞqðM0;M1Þ � � � �

� ½cðSn�1Þ�Un�1
� pUn�1

Mn�1
ðSn�1; SnÞ � qðMn�1;MnÞ;

where

�1 ¼ fS0;M0; U0; S1;M1; U1; � � � ; Sn;Mn j S0 ¼ �;

M0 ¼ �;M1 62 Mt; � � � ;Mn�1 62 Mt; Sn ¼ �0;Mn ¼ �0g:

For a (power or performance) function g, hg ð�; �Þ; c½ � is the

expected accumulated g from the time when X is at state

ð�; �Þ to the time right before X reaches a state in ��Mt,

that is:

hg ð�; �Þ; c½ � ¼
X
�2

fg S0; U0½ � þ � � � þ g Sn�1; Un�1½ �g

� ½cðS0Þ�U0
� pU0

M0
ðS0; S1Þ � qðM0;M1Þ � � � � �

h
½cðSn�1Þ�Un�1

� pUn�1

Mn�1
ðSn�1; SnÞ � qðMn�1;MnÞ

i
;

ð6Þ

with

�2 ¼ fS0;M0; U0; � � � ; Sn;Mn j S0 ¼ �;M0 ¼ �;M1 62 Mt; � � � ;
Mn�1 62 Mt;Mn 2 Mtg:

Under a given SR, we have a fractional structure of the

long run average

JgðSRÞ ¼
P

S0;M0
limN!1 ESR;S0;M0 1

N

PN�1
n¼0 hgðYn; CnÞ

� �n o
P

S0;M0
limN!1 ESR;S0;M0 1

N

PN�1
n¼0 htðYn; CnÞ½ �

n o ;

ð7Þ

where ht is obtained by letting gð�Þ ¼ tð�Þ � 1 in (6), that is,

ht ð�; �Þ; c½ � is the expected accumulated time from the time
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Fig. 3. A hierarchical policy switching architecture for multimode MDPs.



when X is at state ð�; �Þ to the time right before X reaches a

state in ��Mt after policy c is applied. We have htð�; �Þ > 0.
To derive an adaptive policy switching algorithm, we

first consider the case when all the model parameters are

known. Similar to the approach used to solve Markov

decision problems via linear programming, the problem in

(5) can be turned into a linear fractional programming

problem from (7) and solved by the following algorithm.

Algorithm 1 (Optimal Switching Rule for Known Parameters)

1. Choose � > 0, r0 > 0 and set k :¼ 0.
2. At the kth step, solve

maximize
X
�;�;c

hf ½ð�; �Þ; c� � rkht½ð�; �Þ; c�
� �

z½ð�; �Þ; c�;

subject to
X
�;�;c

�½ð�;�Þð�0;�0Þ� � ~ppc½ð�; �Þ; ð�0; �0Þ�
� �
z½ð�; �Þ; c� ¼ 0;

ð8Þ

X
c

z½ð�0; �0Þ; c� þ
X
�;�;c

�½ð�;�Þð�0;�0Þ� � ~ppc½ð�; �Þ; ð�0; �0Þ�
� �

�

w½ð�; �Þ; c� ¼ 1

��Mtj j
for every ð�0; �0Þ 2 ��Mt;X

�;�;c

hfi ½ð�; �Þ; c� � biht½ð�; �Þ; c�
� �

z½ð�; �Þ; c� � 0;

for i ¼ 1; 2; � � � ; I;
z½ð�; �Þ; c� � 0; w½ð�; �Þ; c� � 0

for every � 2 �; � 2 Mt; c 2 C:

With the solution (z	; w	) to (8), a switching

rule SR	
k can be constructed as follows: At

state ð�; �Þ 2 ��Mt, if
P

c2C z
	½ð�; �Þ; c� > 0, policy

ci is applied with probability

z	½ð�; �Þ; ci�P
c2C z

	½ð�; �Þ; c�;

if
P

c2C z
	½ð�; �Þ; c� ¼ 0, policy ci is applied with

probability

w	½ð�; �Þ; ci�P
c2C w

	½ð�; �Þ; c�:

Also with z	, calculate

rkþ1 ¼
P

�;�;c hf ½ð�; �Þ; c�z	½ð�; �Þ; c�P
�;�;c ht½ð�; �Þ; c�z	½ð�; �Þ; c�

:

3. If jrkþ1 � rkj � �, exit; otherwise, set rk :¼ rkþ1 and
k :¼ kþ 1, go to Step 2.

This algorithm is essentially the extension of linear

programming for solving multichain model [9, p. 462] for

solving MDP with fractional objective function. It solves a

sequence of linear programming problems to obtain the

solution to the original fractional programming problem.

The following theorem, proven in [11], says that this

algorithm will lead to an SR arbitrarily close to the optimal
switching rule.

Theorem 1. Algorithm 1 terminates in a finite number of steps.

Suppose it terminates at SR	
K . Then, SR

	
K is feasible and

jJfðSR	
KÞ � JfðSR	Þj � oð�Þ:

For DPM applications, the parameters ~pp and h in (8) are

usually unknown. They can be estimated along the sample
path of the system, however. Along a segment of sample

path of X,

fXT0
; XT0þ1; � � � ; XT1

; XT1þ1; � � � ; XTN
g ¼

fðST0
;MT0

Þ; ðST0þ1;MT0þ1Þ; � � � ; ðST1
;MT1

Þ; ðST1þ1;MT1þ1Þ;
� � � ; ðSTN

;MTN
Þg;

we can observe the system state all the time and we can

observe the mode state at Tn, n ¼ 0; 1; � � � ; N . Let
fY0; Y1; � � � ; YNg ¼ fðST0

;MT0
Þ; ðST1

;MT1
Þ; � � � ; ðSTN

;MTN
Þg be

the full-state observations at switching times and let

fC0; C1; � � � ; CN�1g be the policies chosen at switching times.
We use capitalized notations for the policies because they

are random variables assuming values in C. We have the
following maximum-likelihood estimation for the
~pp-quantities in (8),

~̂pp~ppc½ð�; �Þ; ð�0; �0Þ� ¼ 1PN�1
n¼0 1fYn¼ð�;�Þg1fCn¼cg

�

XN�1

n¼0

1fYn¼ð�;�Þg1fCn¼cg1fYnþ1¼ð�0;�0Þg
� �

;

ð9Þ

where indicator function 1f�g equals one when the condition
in f�g is true, zero otherwise. For a (power or performance)

function g, let the observed power or performance along the
sample path be fFT0

; FT0þ1; � � � ; FT1
; FT1þ1; � � � ; FTN

g. We have

the following maximum-likelihood estimation for the

h-quantities in (8)

ĥghg½ð�; �Þ; c� ¼
1PN�1

n¼0 1fYn¼ð�;�Þg1fCn¼cg
�

1fYn¼ð�;�Þg1fCn¼cg
XTnþ1�1

m¼Tn

Fm

" #
:

ð10Þ

The adaptive implementation of Algorithm 1 is given as

follows:

Algorithm 2 (Adaptive Switching Rule)

1. Estimate jCjj��Mtj2 ~pp-quantities and ðI þ 2ÞjCjj��
Mtj h-quantities in (8) from a sample path of the
system by using (9) and (10). There are many ways
to generate a sample path for the estimation. The
basic requirement is to force each state-policy pair
½ð�; �Þ; c� 2 ð��MtÞ � C a sufficient number of
times along the sample path so that the parameter
estimates are adequate.4
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4. Forcing maybe involves resetting the state and policy to the desired
pair. If such a forcing is not allowed, we need a recurrent condition on the
embedded chain to guarantee the infinitely often appearance of a state on
the sample path. This is not a problem in our simulation since the recurrent
condition holds.



2. Implement Algorithm 1 with h and ~pp-quantities
replaced by ĥh and ~̂pp~pp-estimates from Step 1 and
inequality constraints in (8) replaced by the following:X

�;�2Mt;c

ĥfihfi ½ð�; �Þ; c� � biĥtht½ð�; �Þ; c�
n o

z½ð�; �Þ; c�

� �Bm; i ¼ 1; 2; � � � ; I;

where �Bm < 0 is a margin introduced to ensure the
feasibility of the switching rule to the original
inequality constraints in (8).

The following theorem, proven in [11], provides con-
fidence interval results for the adaptive switching rule.

Theorem 2. Given � > 0 and � > 0, for any sample path used in

Step 1 in Algorithm 2 along which the event fYn ¼
ð�; �Þ; Ynþ1 ¼ ð�0; �0Þ; Cn ¼ cg is observed at least Oð 1

�2
ln 1

�Þ
times for all c 2 C and ð�; �Þ 2 ��Mt, ð�0; �0Þ 2 ��Mt,

Step 2 in Algorithm 2 will result in a feasible switching rule
�SRSR with

ProbfjJfð �SRSRÞ � JfðSR	Þj � �g � �:

Theorem 2 states that, in order to obtain a feasible
approximation to the optimal switching rule in Step 2 of
Algorithm 2 with confidence � and accuracy �, an
estimation time in the order of 1

�2
ln 1

� is sufficient in Step 1.

4 SIMULATION RESULTS

In this section, we apply our adaptive hierarchical scheme
to solve the DPM problem for an HDD operating under
nonstationary service requests. In the HDD scenario, a
mode (or workload) is defined as the application associated
with a service request and is assumed to generate stationary
Poisson request arrival and service processes. An observable
mode corresponds to an important application for which
the Power Manager decides if there is a better DPM policy
than the currently applied policy when this application is
accessing the disk. The Power Manager faces an unobser-
vable mode when an application deemed unimportant is
accessing the disk. In the case of an unobservable mode,
either a “safe” policy (safe in the sense of acceptable
performance delivery) or the previously selected policy
stays applied and the Power Manager does not make
policy-switching decisions.

We compare our results to the adaptive approach
proposed in [4], where the arrival statistics are estimated
directly from the request arrival processes. The DPM policy
under the current arrival statistics is obtained by linearly
interpolating a set of precharacterized policies designed for
a set of preselected statistical values. Directly applying such
a DPM policy (either preselected or interpolated) matching
the current statistics implies the assumption that those
statistics remain stationary for a long time because each
applied DPM policy is calculated to optimize over an
infinite time horizon. For instance, the experiment in [4]
uses concatenation of workload traces of variable lengths
(ranging from 40,000 to 60,000 time steps) and a sliding
window of size 50 time steps to estimate the statistics. The
ratio between the average trace length and sliding window

size is around 1,000 and demonstrates a slow mode
(workload) evolution process. It is therefore not surprising
to find that the policy interpolation scheme performs well in
this setup. In fact, if there exists alternative information
(such as the ID of the process or thread generating each
workload trace) for the Power Manager to learn about the
workload change, it can be switch more quickly to the right
policy for the new workload. This is actually a motivation
for us to develop a DPM scheme based on hierarchical
switching.

In our simulation, we use Markov-modulated workloads
to model the nonstationary service requests to the disk. We
use the five workloads given in Section 2.2. Since the request
service process is the same, the service process remains
stationary Poisson for the modulated workloads. The
modulated workloads are the result of a jumping process
among the five workloads. That is, the workload index at the
sampling times (when request-arrival, service-completion,
and power-state transition completion events occur) forms a
discrete-time Markov chain with transition probability
matrix Q. We call the modulated process with a matrix Q a
usage pattern. When Q is an identity matrix, we have a
stationary usage pattern. The five policies given in Table 1 are
therefore the stationary optimal policies corresponding to the
five stationary usage patterns, which we use for the policy
switching.

We show in this section that our hierarchical adaptive
DPM approach performs better than the policy interpola-
tion scheme. When comparing with two approaches, we
focus on the intrinsic difference of the two switching
methodologies, i.e., the optimal switching versus interpola-
tion. The overhead brought by estimation of parameters is
ignored, that is, when calculating the optimal switching
rule, we implement Algorithm 2 along a sample path long
enough to achieve high confidence (� 
 1) and accuracy
(� 
 0) as described in Theorem 2.

For a usage pattern Q, where Qði; jÞ is 0:9when i ¼ j and
0:025 otherwise, ourAdaptive SwitchingRule is illustrated in
Fig. 4 (the set of observablemodes isMt ¼ f�1; �3; �5gand the
policy set is C ¼ fc1; c5g). Note that Q implies the average
dwell time of a workload is 10 (compared with 1,000 in [4]),
which demonstrates a highly nonstationary request process.
Table 2 gives (a) the policy interpolation switching rule and
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Fig. 4. Our adaptive approach based on hierarchical switching.



(b) the optimal switching rule for waiting-time and loss-

probability limits bw ¼ 0:5s, bl ¼ 0:05. Each entry in Table 2

gives the mode, system-state, and probabilities for choosing

policies c1 and c5 for that mode and system-state pair. Under

the heuristic approach, the Power Manager applies the

preselected policy c1 (c5) when the mode is �1 (�5); since

�3 ¼ 1
2�1 þ 1

2�5, the Power Manager interpolates c1 and c5
evenly to obtain the policy for �3. The power consumption is

1:55W under the policy interpolation rule and 1:47W under

the optimal switching rule.
The asterisks in Table 2b indicate switching decisions

that do not correspond to a policy interpolation rule, that is,

the policies selected by the optimal switching rule for the

cases with an asterisk are not the stationary policies that

were designed for those modes. This demonstrates that

policy interpolation to match the current statistics is not

always the best thing to do. The reason is that the policies

are designed for stationary processes, i.e., under the

assumption that the mode will remain constant. When the

mode switching dynamics are taken into account, it turns

out that, for some cases, it is better to use one of the policies

designed for a different mode. (Conditions for which mode

matching policy interpolation is, in fact, the optimal

switching rule are given in [10].)
For the same usage pattern as that for Table 2, Fig. 5 shows

the power consumption of different optimal switching rules

obtained fordifferent lossprobabilityandwaiting time limits.

The figure shows that,with looserperformancebounds,more

power can be saved by the optimal rule. For a comparison,

Fig. 5 also shows the power consumption of the policy

interpolation power management scheme. The power con-

sumption of the mode-matching switching rule is a constant
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TABLE 2
(a) Mode-Matching Policy Interpolation and (b) Optimal Switching Rules under a Usage Pattern



because it does not change under different performance

limits. Note that the policy interpolation scheme becomes

infeasible for a loss probability limit less than 0.05 (Fig. 5a)

and cannot achieve performance bounds stricter than a

waiting time limit less than 0.32 seconds (Fig. 5b).
To further demonstrate the effectiveness of our scheme,

Fig. 6 gives the power consumption of our scheme for

50 usage patterns. The 50 Q matrices for the 50 usage

patterns were generated randomly. Fig. 6 shows that our

adaptive switching rule performs well for the nonstationary

usage pattern compared to the constant-mode optimal

policy for the stationary usage pattern with the same arrival

rate as the average arrival rate of nonstationary usage

pattern. Fig. 6 also shows the application of policy

interpolation power management under the same 50 usage

patterns. For 27 out of the 50 patterns, the policy

interpolation scheme is infeasible or cannot achieve the

0.5 second waiting time and the 0.05 loss probability limits.

For the other 23 patterns, our approach saves around

9 percent more power.
We now consider the effect of different observable mode

sets Mts and policy sets Cs on the performance of our

adaptive switching rule. Intuitively, the optimal switching

rule can achieve more power savings when more obser-

vable modes and more policies are used. On the other hand,

more observable modes and more policies result in more

computations for computing the optimal switching rule

because the complexity of Algorithms 1 and 2 grows

monotonely with the size of these two sets. Therefore,

selection of these two sets has to take both power saving

and computation burden into account. One idea is to start

with coarse sets and introduce more modes and policies

into the sets gradually until a desired power level is

achieved. The following simulations demonstrate this idea.
Fig. 7a shows the power consumption of our scheme for

five Mts:
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Fig. 5. Power consumption under different (a) loss probability limits and

(b) waiting time limits.
Fig. 6. Power consumption under stationary and nonstationary usage

patterns.



f�1g; f�1; �2g; f�1; �2; �3g; f�1; �2; �3; �4g; f�1; �2; �3; �4; �5g

under two randomly generated usage patterns when the
policy set is C ¼ fc1; c5g. Pattern one has an average arrival
rate of 0.24 (r/s) and pattern two has one of 0.23 (r/s). In
both cases, more power savings are achieved through
introducing more modes into Mt. In the case of pattern one,
the mode set Mt ¼ f�1; �2; �3; �4g is needed to achieve an
expected power P#

1 ¼ 1:73W . In the case of pattern two, the
mode setMt ¼ f�1; �2; �3g is needed to achieve an expected
power P#

2 ¼ 1:48W . The empirical expected power is found
by looking at the stationary cases in Table 1.

Fig. 7b shows the power consumption of five Cs:

fc5g; fc5; c4g; fc5; c4; c3g; fc5; c4; c3; c2g; fc5; c4; c3; c2; c1g

under two randomly generated usage patterns when
Mt ¼ f�1; �3; �5g. Pattern one has an average arrival rate
of 0.24 (r/s) and pattern two has one of 0.22 (r/s). In both
cases, more power savings are achieved through introdu-
cing more policies into policy sets. In the case of pattern

one, the policy set C ¼ fc5; c4g is needed to achieve an
expected power P#

1 ¼ 1:73W . In the case of pattern two, the
policy set C ¼ fc5; c4; c3g is needed to achieve an expected
power P#

2 ¼ 1:2W . The empirical expected power is found
by looking at Table 1.

The choice of the initial mode set and the subsequent
order of adding more modes into the set are based on an
“order of importance” for the modes. There are several
considerations to sort the modes: 1) the variation on power
savings over different policies. If, at a stationary mode, the
power savings vary dramatically over different policies, it
should be incorporated into the mode set since there is a
need to switch among policies at this mode. 2) Switching
frequency issue: Modes can take different expected return
time to themselves and some modes are chosen to obtain
desirable average time intervals between policy switchings.
In the above experiment, we chose the initial mode set as
f�1g because it has the lowest arrival rate and the biggest
variation of power savings from the optimal and always-on
policy. The order of adding modes also follows the order of
the arrival rates.

When choosing the initial policy set and order of adding
more policies, we followed an order of policies based on their
“safety,” which characterizes a policy’s ability to satisfy
performance constraints. This consideration ensures the
existence of switching rules feasible to performance con-
straints. Since c5 is the policy associated with the workload
with the highest arrival rate, it is the safest policy in terms of
performance delivery. We therefore chose fc5g as the initial
policy set and added subsequent safe policies to the set.

5 CONCLUSION

This paper presents a hierarchical model for adaptive
dynamic power management under nonstationary service
requests. We derive a multimode model based on modeling
the nonstationary service request as a Markov-modulated
stochastic process and each mode is associated with a
stationary workload. The Power Manager adaptively
switches among a set of stationary optimal policies to
accommodate the stochasticmode-switching service request.

In Fig. 8, we show the positioning of the hierarchical
DPM in OS-directed configuration and power management
(OSPM) of Advanced Configuration and Power Interface
(ACPI) [7]. The Power Manager resides in a filter driver.
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Fig. 7. Power consumption for two usage patterns under different

(a) Mts and (b) Cs.

Fig. 8. Implementation of hierarchical DPM.



The filter driver intercepts disk read/write IRP (I/O Request
packets) to the disk driver, which enables the Power
Manager to obtain the state information and estimate the
parameters for the multimode MDP. Since each IRP is
associated with a certain thread, the mode information can
therefore be obtained. The Power Manager then solves the
multimode MDP to obtain a power management policy,
which executes the power state transition commands using
IRP through the ACPI driver.
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