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Abstract—Dynamic power management schemes (also called mechanical, and optical components are often responsible for
policies) reduce the power consumption of complex electronic sys-the |largest contributions to the power budget. For example,
tems by trading off performance for power in a controlled fash- the power breakdown for a well-known laptop computer [4]

ion, taking system workload into account. In a power-managed o .
system it is possible to set components into different states, eachSNOWS that, on average, 36% of the total power is consumed by

characterized by performance and power consumption levels. The the display, 18% by the hard drive, 18% by the wireless LAN
main function of a power management policy is to decide when interface, 7% by noncritical components (keyboard, mouse,
to perform component state transitions and which transition etc.), and only 21% by digital VLSI circuitry (mainly memory

zﬂgulloder?:ﬁgg;fgerrr;%cg;stcggﬁtisrl.dmg on system history, workload, and CPU). Reducing the power in the digital logic portion of

In the past, power management policies have been formulated this laptop byl0Xwould reduce the overall power consump-
heuristically. The main contribution of this paper is to introduce  tion by less than 19%. Laptop computers are not an isolated
a finite-state, abstract system model for power-managed systemscase. Many others electronic appliances are complex and het-
based on Markov decision processes. Under this model, the o o0ane6us systems containing a wide variety of devices that
problem of finding policies that optimally tradeoff performance 7 . .
for power can be cast as a stochastic optimization problem and d0 not fall within the scope of the available computer-aided
solved exactly and efficiently. The applicability and generality power optimization techniques. Designers have reacted to the

of the approach are assessed by formulating Markov model and new challenges posed by power-constrained design by mixing

optimizing power management policies for several systems. technological innovation and power-conscious architectural
Index Terms—Energy conservation, energy management, opti- design and optimization.
mization methods. One of the most successful techniques employed by design-
ers at the system level idynamic power managemefg],
|. INTRODUCTION [9]. This technique reduces power dissipation by selectively

. . . turning off (or reducing the performance of) system compo-
ATTERY-OPERATED portable appliances impose tigh ents when they are idle (or partially unexploited). Building

constraints on the power dissipation of their components. -
. X . . a’‘complex system that supports dynamic power management
Such constraints are becoming tighter as complexity and - .
. IS a difficult and error-prone process. Long trial-and-error

performance requirements are pushed forward by user demapd. .. . .
lterations cannot be tolerated when fast time to market is the

Reducing power dissipation is a design objective also for in factor deciding the success of a oroduct
stationary equipment, because excessive power dissipatri%r horten th dg . le of pI j q
implies increased cost and noise for complex cooling systems. 0 shorten ne design cycle of complex power-manage

Numerous computer-aided design techniques for low pov@fs’tems’ several hardware and software vendors [10], [11]

have been proposed [1]-[3] targeting digital very large scafe® pursuing a long-term strategy to simplify the task of

integration (VLSI) circuits, i.e., chip-level designs. designing large and complex power-managed systems. The
Almost every portable electronic appliance is far morsirategy is based on a standardization initiative known as the

complex than a single chip. Portable devices such as cellugvanced configuration and power interfa¢aCpPl). ACPI

telephones and laptop computers contain tens or even hundréRicifies an abstract and flexible interface between power-
of components. To further complicate the picture, in mo§tanageable hardware components (VLSI chips, disk drivers,

electronic products, digital components are responsible feplay drivers, etc.) and thepower manager(the system

only a fraction of the total power consumed. Analog, electréOmponent that controls when and how to turn on and off func-
tional resources). The ACPI interface specification simplifies
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Whenever the functionality of a component is required to carry described. We implemented a tool for automatic power
out a system task, the component must be turned on amgtimization. In Section V, we describe the tool implemen-
restored to its fully functional state. The transition betweetion. Section VI is dedicated to the application of policy
the inactive and the functional state requires time and poweptimization to realistic case studies and to the analysis
As a result, the eager policy is often unacceptable becausefitthe sensitivity of optimal policies to system parameters.
degrades performance and may not decrease power dissipatgattion VIl presents a discussion on modeling issues, where
For instance, consider a device that dissipates 2 W ve clarify the basic assumptions and the domain of applicabil-
fully operational state and no power when set into inactivigy of our model. Finally, in Section VIII, we summarize our
state. The transition from operational to inactive state fsdings and outline future directions of research.
almost instantaneous (hence, it does not consume sizable
power). However, the opposite transition takes 2 s. During
the transition, the power consumption is 4 W. This device Il. RELATED WORK
is a highly simplified model of a hard-disk drive (a more The fundamental premise for the applicability of power
detailed model will be introduced later in this paper). Clearlynanagement schemes is that systems, or system components,
the eager policy does not produce any power savings if tBgperience nonuniform workloads during normal operation
device remains idle for less than 4 s. Moreover, even if thgne. Nonuniform workloads are common in communication
idle time is longer than 4 s, transitioning the device to inactigetworks and in almost any thinkable interactive system. In the
state degrades performance. If the eager policy is chosen, i€ent past, several researchers have realized the importance
user will experience a 2-s delavery timea request for the of power management for large classes of applications. Chip-
device is issued after an idle interval. level power management features have been implemented in
The choice of the policy that minimizes power undemainstream commercial microprocessors [5]-[7]. Micropro-
performance constraints (or maximizes performance undgissor power management has two main flavors. First, the
power constraint) is a constrained optimization problem whigdntire chip can be shut down in several sleep states through
is of great relevance for low-power electronic systems. We calkternal signals or software control. Second, chip units can be
this problempolicy optimization(PO). Several heuristic powershut down by stopping their local clock distribution. This is
management policies have been investigated in the past [I#ine automatically by dedicated on-chip control logic, without
[14], [15] but no strong optimality result has been proven. user control. Techniques for the automatic synthesis of chip-
In this paper we propose a stochastic model based lewvel power management logic are surveyed in [8].
Markov decision processes [22] for the formulation of policy At a higher level of abstraction, energy-conscious commu-
optimization and we describe a procedure foeitactsolution. nication protocols based on power management have been
The solution of PO is computed in polynomial time by solvingtudied [16]-[20]. The main purpose of these protocols is to
a linear optimization problem. We first describe the details amdgulate the access of several communication devices to a
the fundamental properties of the stochastic model, then wieared medium trying to obtain maximum power efficiency
show how to formulate and solve policy optimization. Théor a given throughput requirement. Power efficiency is a
global optimality of the solutions obtained is also provedstringent constraint for mobile communication devices. Pagers
The procedure can be employed to explore the power versue probably the first example of mobile device for personal
performance tradeoff curve. communication. In [20], communication protocols for pagers
The class of the optimal policies is then studied in detail. Ware surveyed. These protocols have been designed for maxi-
assess the sensitivity of policies to several system parametetam power efficiency. Protocol power efficiency is achieved
Our results provide insights for system architects designiig increasing the fraction of time in which a single pager is
power managed systems. Our model and optimization ptidie and can operate in a low-power sleep state without the
cedures can be used to help designers in difficult high-lewédk of loosing messages.
decisions on how to choose or design components that can b®Vith the widespread diffusion of advanced communication
power managed effectively. devices (cellular phones, portable wireless terminals, etc.) the
Our analysis and our optimality result critically dependbandwidth requirements for communication protocols have
on our modeling assumptions. We assess the soundness oftmoome much more stringent. More complex and higher-
assumptions by constructing the stochastic model for a real-lgerformance protocols are needed for controlling such ad-
device (a disk drive) under a realistic workload. We then applanced devices. In [16], atar communication network is
our optimization algorithm and compute optimal policies. Thstudied, where several power-constrained devices communi-
performance and power dissipation of the policies are theate with each other through a base station that regulates
validated against simulation. Moreover, the optimal policiasaffic. The contribution of [16] is the formulation of a slot
are compared with heuristic solutions. reservation strategy for the communicating devices and a
The paper is organized as follows. In Section Il, we reviescheduling algorithm for the base station that reduces power
related work in the field of dynamic power management. lconsumption while meeting service quality specifications.
Section Ill, we describe our stochastic model, starting from The approaches presented in [18] and [19] are primar-
a qualitative description, then moving to a more rigorouy focused on how to maximize the efficiency of a single
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designed to respond to increased noise levels by increasindh common feature of all previous works in the area of
transmission power and by repeating transmission. This strpbwer management is that policies are formulated heuristi-
egy is highly energy-inefficient and can be counterproductivally, then tested with simulations or measurements to assess
even throughput-wise if decreased transmission quality tiseir effectiveness. Another interesting commonality is that
caused by interference from other transmitters operating withe highly abstract models used to represent the target systems
the same protocol. Both [18] and [19] assume that the worstcessarily imply some uncertainty. Uncertainty is caused by
menace to service quality is mutual interference and propasastraction (for instance system response time is uncertain
retransmission protocols that tend to reduce mutual interfdrecause detailed functionality is abstracted away), and by non-
ences by reducing the average transmission power and dsterminism (for instance, request arrival times are uncertain
increasing silence time when error rate is high. because they are not controlled by the system).

Power management schemes have also been studied in [12Rrobabilistic techniques and models are employed by all
[14], and [15]. The system, or a component, is modeled agpeevious approaches to deal with uncertainty. Similarly to
reactivesystem that receives requests from the external enpirevious approaches, we will formulate a probabilistic system
ronment and performs some computational task in respomsedel, but differently from previously published results, we
to a request. The arrival rate of incoming requests is noill rigorously formulate the policy optimization problem
uniform over time, nor it is so high to impose full utilization.within the framework provided by our model, and we will
Hence, power can be saved by transitioning the system tsleow that it can be solved exactly and in polynomial time in
sleep state when it is not in use. The power-down stratetfie size of the system model. To obtain this result, we leverage
impacts performance both in terms of latency and throughputgll-known stochastic optimization techniques based on the
because of transition delays. The approaches presented in [If®ory of Markov processes. A vast literature is available on
[14], and [15] explore several shutdown policies that minimizdis topic, and the interested reader is referred one of the
power at the cost of a marginal performance reduction.  numerous textbooks for detailed information (see, for instance,

Disk driver subsystems are studied in [12] and [13]. Thi21]-[23]).
work presents an extensive study of the performance of various
disk spin-down policies. The problem of deciding when to Ill. STocHAsTIC MODEL
spin down a hard disk to reduce its power dissipation is In this section we first informally describe a system model,
presented as a variation of the general problem of predictitigen we provide definitions and we analyze the properties of
idleness for a system or a system component. This problehe model. We consider a system embedded in an environment
has been extensively studied in the past by computer architegisdeled as a single source of requests. Requests issued by
and operating system designers (the paper by Goldihgthe event source are serviced by the system. The system itself
al. [13] contains numerous references on the topic), becausmsists of two components: a resource that processes requests
idleness prediction can be exploited to optimize performang¢e service providey, and apower manager
(for instance by exploiting long idle period to perform work The resource has several states of operation. Each state is
that will probably be useful in the future). When low powetharacterized by a service rate, which is, roughly speaking,
dissipation is the target, idleness prediction is employed pooportional to the average number of requests serviced in
decide when it is convenient to spin down a disk to sawetime unit. Some states may have zero service rate. Such
power (if a long idle period is predicted), and to decide whestates are callesleep statesyhile states with nonnull service
to turn it on (if the predictor estimates that the end of the idiate are calledctive statesBoth request arrivals and services
period is approaching). are stochastic processes, in other words, service times and

The studies presented in [14] and [15] target interactivaterarrival times between requests are nondeterministic. As
devices. A common assumption in these works is that futuggplained in Section Il, nondeterminism models incomplete
workloads can be predicted by examining the past histoiiyformation and/or uncertainty caused by the high level of
The prediction results can then be used to decide when aatsstraction of the model.
how transitioning the system to a sleep state. In [14], theThe system may contain gueuewhich stores requests
distribution of idle and busy periods for an interactive terminahat cannot be immediately serviced upon arrival because the
is represented as a time series, and approximated with a leastvice provider is either busy servicing other requests or it has
squares regression model. The regression model is usedZero service rate. We assume that requests are indistinguish-
predicting the duration of future idle periods. A simplifiecable, hence, service priorities are immaterial. Moreover we
power management policy is also introduced, that predicts thesume that the traffic-management component has finite ca-
duration of an idle period based on the duration of the lagacity. Whenever the number of enqueued requests exceeds the
activity period. The authors of [14] claim that the simple policgapacity, requests are lost. Request loss does not model actual
performs almost as well as the complex regression model, dadk of service in the system. In our abstract model, request
it is much easier to implement. In [15], an improvement ovédoss represents an undesirable condition that is verified when
the prediction algorithm of [14] is presented, where idlene$so many requests are waiting to be serviced. Real-life systems
prediction is based on a weighted sum of the duration of pagtnerally implement congestion-control mechanisms based on
idle periods, with geometrically decaying weights. The policgynchronization primitives that prevent overflowing of internal
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> scsPs;,s = 1. A Markov chain can also be described by
Power Manuger its state-transition diagrama directed graph whose nodes are
states, and whose edges are labeled with conditional transition

probabilities. State transition times in Markov chains have
State observations Commands geometric diStI’ibution

Prob(ts,, s, = nT’) = ps,, Sjp;:jii' 1)
service requester |:> |:> A stationary controllable Markov chain M(«) is a Markov
_ . chain whose transition probabilities,, ,, are functions of

queue R controlling variablea. When the independent variablecan
take values in a finite se#, the transition probabilities are
Ps;,s;(a): A — [0, 1], and the controllable Markov chain can
be represented by a set of matrices, one for each value of the
model overflow of normal system capacity because it isdependent variable € A.
undesirable and should be avoided as much as possible. ~ We first define acommand set4d = {a;, st. i =

The power manager is a controller that observes the histdry2, - - -, A}. The elements ofA are commands issued by the
of the service provider and of the queue and issues commarisver manager for controlling the operation of the system.
There is a finite number of commands, and their purpose isDefinition 3.1: A service provider(SP) is described by a
to cause the transition of the service provider from one stdtiple (Mgp(a), b(s, a), c(s, a)) where: i) Mgp(a) is a
to another. The service provider responds to commands irstationary, controlled Markov process with state Set {s;
nondeterministic fashion. In other words, there is no guarante¢ ¢ = 1, 2, ---, S}, control set.4 and stochastic matrix
that the service provider changes state as soon as a commnt(a); ii) b(s, a) is a functionb: S x A — [0, 1]; and iii)
is issued, but there is a probability that the transition will be(s, a) is a functione: § x 4 — R.
performed in the future. Nondeterminism represents the delaylhe SP model is a discrete-time controllable Markov chain
of the system in responding to commands and the uncertaiatyd matrix P5C(a) is its conditional probability matrix. A
on the actual value of such delay caused by the high abstracti@mvice rateb(s, a) is associated with each statec S and
level of the model. The criterion used for choosing whatommanda € A, it represents the probability of completing
command to issue and when is callpdlicy. the service of a request in a time slice, given that SP is in state

The overall system architecture is depicted in Fig. 1. Ourand that command has been issued at the beginning of the
goal is to search the space of all possible policies to firine slice. Apower consumptiomeasure:(s, a) is associated
the one that minimizes a cost metric. We define two costth each states ¢ S and command: € A. It represents
metrics: power and performance Policy optimization targets the power consumption of the SP in a time slice, given that
the optimization of one cost metric while using the secomtbmmanda has been issued and the SP is in stati each
as a constraint. In Sections llI-A and IlI-B, we formulate dime slice, the service provider can be in only one state. The
stochastic system model based on Markov chains. Within tiigwer manager causes state transitions by issuing commands.
model, policy optimization can be rigorously formulated antlowever, the response to a command is nondeterministic: the
solved. However, we do not discuss how and when the mod&® may or may not transition to a new state. Clearly, it is
is a valid abstraction of a real-life system. This important issymssible to model deterministic transitions by specifying a

Fig. 1. Components of the system model.

is analyzed in detail in Sections VI and VII. conditional probability value equal to one. In the general case,
a command needs to be asserted over several time steps to
A. System Components induce the desired transition. If we assume that the asserted

.E;ommand does not change, the probability that the SP performs

We assume that the reader is familiar with basic probabili o . . X
ée transition increases geometrically with the number of time

theory at the level of [25] and [26]. We use uppercase bos ices. Thus, the transition timg, . (a) has expected value

letters (e.g.,M) to denote matrices, lowercase bold letters
(e.g., v) to denote vectors, calligraphic letters (e.g) to _7 (1- (k—1)_ SP
denote sets, uppercase italicized letters (e5).,to denote Bor, o Z PSZ,S] a)) psz,sj( @)
scalar constants and lowercase italicized letters (e)gto
denote scalar variables. We will consider a discrete-time (i.e., <
slotted time) settingt,, = 7', whereT is the time resolution, pils, (a)
n € INt. We will write z,, in place ofz,,. We calltime slice The value oft,, ,.(a) is the average time for transitioning
the time interval between two consecutive values,of from states; to states;, given that the command is issued

A stationary Markov chain M is a stochastic process overat everyt,, until the transition is performed.
a finite state sef = {s;,s.t.i =1, 2, ---, S} whose behavior  Each pair(s, a) is characterized by a performanéés, a)
is such that, at any time,, the state probability distribution and a power consumptiod(s, a). Performance is expressed
depends only on the state at timg_,. Prol(z,, = s;|z,_1 = in terms of service rate, which is the probability of completing
5i) = ps;,s; IS calledone-step transition probabilityThe one- a request in a time slice, hence, the valuéaf 0 < & < 1.
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s_on: 0.0
s_off: 0.2 s_on: 097

s:off: 0.8 s_on: 0.03
s_off: 0.0 Fig. 3. Markov chain model of the service requester.

Fig. 2. Markov chain model of the service provider.

PSE. The functionz(r) represents the number of requests
is certainly serviced in each time slice. Functiois a general issued per time slice by the service requester when it is in
real-valued function that expresses the power consumptionsiiater. Intuitively, SR states represent traffic conditions, and
arbitrary units (say Watts). The definitions bfand ¢ are the the value z(r) gives a quantitative measure of the traffic
basis for the computation of the cost metrics employed generated in each condition. For instancez(if) = 0, state

evaluate the quality of a policy. 7 represents an environmental condition where no requests
Example 3.1:Consider a SP with two statesS = are generated. The Markov process of request generation is
{on, off}. Assume that two commands are defingd = completely autonomous and it does not depend on the behavior

{s_on, s_off}, with the intuitive meaning of $witch ori and of the system: it represents the external environment over
“switch off” respectively. When a command is issued, the SPhich the system has no control. Interarrival times have a
will move to a new state in the next period with a probabilitgeometric, memoryless distribution.

dependent only on the commandand on the departure and Example 3.2:Consider a SR with two statesy and ry,

arrival states. The stochastic mati%"(a) can be representedwhere functionz(r) is defined as followsz(rg) = 0, z(ry) =
by two matrices, one for each command. For example 1. Since there is a one-to-one correspondence between values

on off of » and SR states, we will use the values~-oés names for
the statess( will be called 0, andr; will be called 1). At
Psp(s_on) _on < 1 0 ) any timet, only two possibilities are given: either a single
off \ 0.1 0.9 request or no request is received. An example of a stochastic
on off matrix of SR is
0 1
PSP (s off) = " <0'8 02). psr _ 0 (0.95 0.05
of \ 0 1 1 <0.15 0.85>'

The Markov chain model of the SP is pictorially representethe Markov chain of the SR is shown in Fig. 3. The SR

in Fig. 2. Note that the transition time from off to on when thenodels a “bursty” workload. There is a high probability (0.85)

s-on command has been issued is a geometric random variakfigeceiving a request during period+ 1 if a request was

with average equal to 1/0.% 10 periods. received during period, and the mean duration of a stream

Service rateéh(s, a) and power consumptio(s, a) can be of requests is equal to 1/0.15 6.67 periods.

represented by two-dimensional tables with one entry for eachRemember that, although we have discussed examples of

state-command pair. For instance two-state SR models, the number of states of the model can be
s-on s_off larger than two, and function(r) can take arbitrary integer

values.
bla, s) = on < 0.8 0 ) Definition 3.3: A service queués described by a stationary
off 0 0 controllable Markov chaimfMgq(a, s, r) with state setQ =
s.on s_off {g:st.i=0,1,---,(Q — 1)}, control set4 x S x R and
on < 3 4 ) stochastic matrixP>(a, s, r).
cla, s) = . When service requests arrive during one period, they are
off 4 0 buffered in a queue of lengtfi} — 1). The queue is in state

In this example, the SP is active only when it is in the og; wheni requests are waiting to be serviced. The queue is

state and it is not being switched off. Power dissipation is nidbunded: if new requests arrive when its staigjs, the state

in the off state, but switching the resource on or off has does not change (in this case we say that requestestyeWe

sizable power cost: the power consumption of the SP duriggll ¢q;,_; the queue fullstate, andy, the queue empttate.

the switching times (i.e., when the state is on and the commanide conditional probabilities of the Sﬁij are completely

is s_off, or when the state is off and the commandsien) is determined by the other system components The SP controls

higher than that of the active state. how fast the queue is emptied, while the SR controls how fast
Definition 3.2: A service requeste(SR) is described by a the queue is filled. Given the triplg, s, r) we knowb(a, s)

pair (Mgr, z(r)) where: i) Mgg is a Markov process with (the service rate) and the number of request arrivats. The

state setR = {r; s.t.i =0,1,---, (R — 1)} and stochastic probability of servicing an enqueued request (or an incoming

matrix PSR and ii) z(r) is a functionz: R — IN. one) isb(a, s), while the probability that no requests are ser-
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