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Abstract0 This paper introduces a continuous-time, controllable heuristic policy is the “time-out” policy. In this policy, a device is
Markov process model of a power-managed system. The systeraut in its power-down mode after it has been idle for a certain
model is composed of the corresponding stochastic models of themount of time. Obviously, this simple policy is not efficient. To
service queue and the service provider. The system environment i@vercome the limitations of the static shut-down policy, Srivastava
modeled by a stochastic service request process. The problem et al. [16] proposed a predictive power management strategy,
dynamic power management in such a system is formulated as which uses a regression equation based on the component’s
policy optimization problem and solved using an efficient “policy previous “on” and “off” time to estimate the next “turn-on” time.
iteration” algorithm. Compared to previous work on dynamic In [17], Hwang and Wu have introduced a more complex
power management, our formulation allows better modeling of thepredictive shut-down strategy that has a better performance.
various system components, the power-managed system as idowever, these methods are only applicable to cases in which the
whole, and its environment. In addition it captures dependenciegeduests are highly correlated.

between the service queue and service provider status. Finally, th€he choice of the policy that minimizes power under performance
resulting power management policy is asynchronous, hence it igonstraints (or maximizes performance under power constraint) is
more power-efficient and more useful in practice. Experimental@ new kind of constrained optimization problem which is of great
results demonstrate the effectiveness of our policy optimizationrelevance for low-power electronic systems. This problem is often
algorithm compared to a number of heuristic (time-out and N-referred to as thepolicy optimization(PO) problem. In [11],

policy) algorithms. Paleologo et al. proposed a stochastic model for a rigorous
mathematical formulation of the problem and give a procedure for
l. INTRODUCTION its exact solution. The solution is computed in polynomial time by

With the rapid progress in the semiconductor technology, the chipS0lVing a linear optimization problem. Their approach is based on
density and operation frequency have greatly increased, makin%s'fOCh""St'C model of power-managed devices and workloads and
power consumption in battery-operated portable devices a majofeverages stochastic optimization techniques based on the theory
concern. The goal of low-power design for battery-powered Of discrete-time Markov decision chains

devices is to extend the battery lifetime while meeting the In the model of [11], time is divided into small intervals of length
performance requirement. Reducing power dissipation is a desigh. It is assumed that the system can only change its state at the
goal even for non-portable devices since excessive powebeginning of a time interval. During interval( (j+1)L), the
dissipation results in increased cost of packaging and cooling agransition probability of the system depends only on the state of
well as potential reliability problems. Many computer aided designthe system at timgl (hence, the Markovian property) and the
methodologies and techniques for low power have been proposedommand issued by the power manager. The system model
[1]. consists of four components: power manager(PM), aservice

The activity of many components in a computing systeavést- provider (SP), aservicerequestor (SR) and aservice request
driveny for example, the activity of display servers, dueue (SQ). Once the model and its parameters have been
communication interfaces, and user interface functions is triggeredétérmined, an optimal power management policy is obtained to
by external events and it is often interleaved with long periods ofachieve best power-delay trade-off. This approach offers
quiescence. An intuitive way of reducing the average powerSignificant improvement over previous power management
dissipated by the whole system consists of shutting down thdechniques in terms of its theoretical foundation and a robust
resources during their periods of inactivity. In other words, one System model. This approach however has some shortcomings.
can adopt a system-level power management policy that dictateEirstly, the power-managed system is modeled in the discrete-time
how and when the various components should be shut down. domain, which limits its in real applications. Secondly, the model

The problem of finding a power management scheme (or policy)does not distinguish between the busy state and the idle state of

that minimizes power dissipation under performance constraints iéhe SP (the_y_ are Iumpeo_l Into the “power-up” state), therefore the
ptate transition probability of the system model cannot be

%fag;eaetmig;?re;ti citgs iésvtgngegr? sriegnoerrtz.d ﬁ]e;;]eeral agte lxlzf:g f;owecalculated accurately. Thirdly, the assumption that the transitions
g P P past. P of the SQ and the SP are independent is inaccurate and thus affects

*This work was supported in part by SRC under contract No. 98-DJ-606,the overall accuracy of this model. Finally, the power management

NSF under contract No. MIP-9628999, and a grant from Toshiba, Corp. program needs to send control signals to the components in every
time-slice, which results in heavy signal traffic and heavy load on
the system resources (therefore more power dissipation).
In this work, we overcome the shortcomings of [11] by
introducing a new system model based oontinuous-time
Markov decision processe3his new model has the following
characteristics:




The new model is based on the continuous-time MarkovThe generator matrix in the continuous-time Markov process is the
decision processes, which is closer to the scenariosanalogue of the transition probability matrix in the discrete-time
encountered in practice. Markov process. We can calculate the limiting distribution

The resulting power management policy is asynchronous(steady) state probabilities of the continuous-time Markov process
which is more suitable for implementation as part of the from its generator matrix. Theorem 2.1 shows the relation between

operating system.
The new model introducegransfer staten the model of the

this matrix and the limiting distribution probabilities [7]. Before
stating the theorem, we give some definitions.

SQ; in this way it can distinguish between the busy and |d|eDef|n|t|0n 2.3 A statei is said to berecurrent if and only if,

states of the SP.

the SQ and the state of the SP.
A policy iteration algorithm is used to solve the policy

optimization problem. The new algorithm tends to be more

efficient than the linear programming method.

We also explore the class of N-policies and show that under

certain conditions, this class of algorithms, which are very easy t
implement, produces optimal solutions.

This paper is organized as follows, Section Il provides the
and
continuous-time Markov decision processes. Section Il describe
our system model for the dynamic power management, the

background for continuous-time Markov processes

definition of cost function and the policy iteration algorithm.
Section V gives the experimental results concluding remarks.

. BACKGROUND

Definition 2.1 A stochastic processis a family of random
variables {(t), t=0} wheret is the time parameter. The values
assumed by the process are called stwtes and the set of
possible values is called tetatespace

Definition 2.2 A stochastic procesX(t) is called aMarkov
processif for any set of timety<t;< ...<t,<t, its conditional
distribution has the property:

PIX(t) = x| X(tp) = Xp,.... X(tg) = Xo] = P[X(t) < X| X(ty) = Xq]
wherety, ty,..., t, t O T andxg, X3,..., X, 0 S. T andS are called
the parameter spaceand state spaceof the Markov process,
respectively. WherT is a continuous sge andS is a discrete
space, the Markov process is called toatinuous-time Markov
process
Given a continuouime Markov processwith n states, its
generatormatrix G is defined as anxn matrix as shown in Eqn.
(2.1). An entryg;; in G is called theransition ratefrom statei to
statej. All entries are defined in Eqn. (2.2) and Eqn. (2.3). Eqn.
(2.4) gives the relationship betweery and g;; Matrix G (also
known as thdransition rate matrix is called aifferential matrix
if its entries satisfy property (2.4).
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wherepig j(t) is the transition probability from statedirectly or
indirectly) to statej during time 0 tot, and pjn j(t) is its
derivative.

starting fromi, eventual return to this state is certain. A recurrent

The new model considers the correlation between the state gftate is said to beositiverecurrentif and only if the mean time to

return to this state is finite. A staités said to beransientif and
only if, starting fromi, there is a positive probability that the
process may not eventually return to this state.

Definition 2.4 Statej is said to beaccessiblérom statei if j can
be reached from within finite time, which is denoted as.j. If

i —j andj i, they are said to b®mmunicatewhich is denoted as

q ~]. The set of all states of a Markov process that communicate

with each other forms @ommunicatinglass

Definition 2.5 If the set of all states of a stochastic pro¢e$srm
a single communicating class, théns irreducible

S‘I’heorem 2.1

(1) If the Markov process is irreducible, then the limiting
distribution lim_ .pi(t) = p;, i0S, exists and is independent of
the initial conditions of the process, The limig|{n O S) are
such that they either vanish identically (ig.= O for alli O
S) or are all positive and form a probability distribution (i.e.,
pi>0 foralliOsS, Zigshi = 1)
The limiting distribution f, i O S} of an irreducible positive
recurrent Markov process is given by the unique solution of
the equationpG = 0 andZjnsp;= 1 wherep = (po, Py, ---).
Definition 2.6 If we map the states of a Markov process as
vertices of a graph and the states transitions as directed edges
between the vertices. The Markov process is calledrenected
Markov proceséf this graph is a connected graph.
For the discussions in the rest of this paper, we will omit the term
“continuous-time” for more concise description. Unless otherwise
stated, all processes are assumed continuous-time.
First, we describe a Markov process witward Assume the
system earns a reward at rate(per unit time) during all the time
that it occupies state When it makes a transition from stat®
statej (i#j), it receives a reward of;. Note thatr;; andr;; have
different dimensions. It is not necessary that the system earns
according to both reward rates and transition rewards, but these
definitions give us generality. We define the “earning rate” of state
i as: ri = ri'i + zai’jri’j .
IE3]
Let vi(t) be the expected total reward that the system will earn
during a time period of if it starts in state. The total expected
reward during a time period bfdt, that isvi(t+dt), can be written
as:
V; (t+ dt) =@1- Z.O'i'jdt)[ri'idt"'vi ]+ Zai’jdt[ri'j +Vj 1]
J# J#
It can be interpreted as follows. During the time intexathe
system may remain in stateor make a transition to some other
statej. If it remains in staté for a timedt, it will earn a rate;;dt
plus the expected reward that it will earn in the remaitingits
of time, vi(t). The probability that it remains in statéor a timedt
is (1= % 0;,;dt). On the other hand, the system may make a
J#l
transition to some statgti during the time intervaldt with
probability g;;dt. In this case the system would receive the reward

@



rij plus the expected reward to be made if it starts in ptatth o1t a.(1)
time t remaining,vj(t). The product of probability and reward must Viavg = t“m ?J' Z P j(ordr,
then be summed over all stajés to obtain the total contribution TrroEl

to the expected values. Obviously, maximizing limiting average reward is the same as
With dt— 0 and using the definition of earning ratewe have: maximizing the total expected reward.
d n (2) discounted reward
avi(t)zri +.§O'i'jVj(t) i=1,2,...n (2.5) . . t ar D a,(n)
j=1 Vigis(@) —tllm fe™ Y pio;@r’ dr,
ﬂooo j=1

wheren is the total number of states of the process. Eqn. (2.5)
gives a set of linear, constant coefficient differential equations thatBoth reward models are meaningful for different context. The
relate the total reward in time from a starting staté to the decision based on the average limiting reward assumes that the
quantities of; andg;;. system will run forever, therefore, it considers return in near future
Secondly, acontrollable Markov processs a Markov process and far future to have the same significance. While the decision
whose state transition rates can be controlled by controllingbased on the discounted reward considers the future as
commands (defined axtiors). When the system is in statean unpredictable, i.e., the system may be terminated any time in the
actiona; is chosen from a finite se which includes all possible ~ future. Therefore, it emphasizes the return of the near future. The
actions for staté. We denote this state action relation as;x. If discount factora decides how greedy this reward model is. The
the chosen action changes as the time changes, we denote tif9era is, the less it considers the future. Wieeapproaches 0,
action as a time-dependent variahlg). Hence the state-action the discounted reward approaches the total expected reward.

pair is written as ka(t)>. The state transition rates; have Definition 2.8 A policy mis stationary if the decision-making

) ) ) ) (action) is only a function of the state and independent of time,
different values when different actions are taken. Wecq% to that is: 7={ <i,a>| a0A;, 1<i<n}.

denote the transition rate from state statg when actiorg;(t) is Theorem 2.2[9] For anya, there exists a stationary policy which
taken for stateé at timet. As a result, the generator matrix of a

maximizesV 4. (a) for alli =1, 2,..., n. Such a policy is called
controllable Markov process can be represented by a "d'S() policy

parameterized (action is the parameter) matrix. a-optimal.

Definition 2.7 A policy 1Tis the set of state-action pairs for all the Definition 2.9 A policy 7 is piecewise-statinary if for any T,

states of a controllable Markov process, thatrag <i,a(t)>]| interval [0,T) can be divided into a finite number of intervals [0,

a(t)dA;, I<i<n}. t), [t t2), ..., [tms, T) SUCh that inside each interval, the policy is
stationary.

A Markov decision process a controllable Markov process with

. . . . Theorem 2.3[9] There exists a stationary policy thatisoptimal
rewards. In a Markov decision process, sm:i%j(t) is action- [°] y polcy P

for a set ofa having 0 as a limit point. This policy maximizes

dependent, the reward ratg becomes also action-dependent, Vi gyg OVer the class of piecewise-stationary policies.

which is denoted as-iai(t) , a(t)JA. The expected total reward We therefore do not lose generality if our search for the optimum

olicy is restricted on the set of stationary policies. Actions and
licies that we will discuss later are thus time-independent.

policy-dependent and is denoted §S(t . Jhe generator matrix  The goal of a Markov decision process is to find a policy that

Vvi(t) depends on the chosen action of each state, i.e., it becom

G is then also policy-dependent and is denote@’as maximizes the expected reward. In our case, we want to find a
z . _ . . policy that minimizes our cost function (delay and power). These
Let pig j(t) denote the probability of being in stjtat timet two problems are equivalent if we use the negative of cost as the

when the initial state is and the state transition rates are reward. In the remainder of the paper, we will use the tavsh
determined by policyz The total expected reward that the process instead ofreward and uses;; andc;; instead of;; andr; ;. For the

can earn for a time period pfcan be written as [9]: rest of the discussion, our goal is to minimize the cost under either
the discounted model or limiting average model.
O =£ s pn o Odr
"0 =[o 3 P (), I1l.  SYSTEM MODELING

We assume the system is embedded in an environment where

Given two policiesrg and 75, if we can find a tim&€, such that - . vl :
P ' ® & there is only a single source of requests, which is defined as the

vit(t) 2 vi2 (1), for allt>g,i = 1, 2,..., n, we denote ag; > 7. A service requestor (SR). Requests issued by the SR are serviced by
policy mis called theoptimal policy, if 77> {any possible policy ~ the system. The system itself consists of three components: a
for the Markov decision process}. resource that processes requests (the SP), a queue which stores the

oz . . requests that cannot be serviced immediately upon arrival (SQ),
Let vi' = t“n:ovi (t). The goal of a Markov decision process is t0 gnq a power manager (PM).
) . ) o . ) Both the request arrival event and request service event are
find the optimal policy that maximizeg; for all i. However, in  stochastic processes. We assume that they follow the Poisson
process (i.e., during time (0, t], the number of the events has the
Poisson distribution with meant). Consequently, the request
policy since vi”(t) approaches infinity whert approaches inter-arrival time (from the .SR) and the service time (the timg
infinity. Two alternative quantities are commonly used. n.eeolled.by the SP 1o service a request) follow the exponential
(1) limiting average rewar distribution with mean .
In order to be more general, in our model we assume that the SP
has more than one working mode, therefore, it can service the

practice, we cannot use]" directly for calculating the optimal



requests with more than one service speed. We also assume th@) The set of inactive stateSiactive, Whereu(sys) is 0 for each
all requests have the same service priority. The service of the,,0Sinactive.

requests are based on a FIFO order. Furthermore, we can divide the mat@ixg(a) into two parts:

The SP can operate in a number of different power modes. We B8a) GAYa)D

assume that the time needed for the SP to switch from one state 6% = 0 F,f(a) G'S'P(a)
another follows the exponential distribution. The PM is a s sP&)0

controller that reads the system state (the joint states of the SP anghere matrixGA45(a )contains the transition rate for transitions
the SQ) and issues mode-switching commands to the SP. _ _ Al _ N

In the remainder of this paper, we will use upper case bold letter®etween inactive states. Matri&sp(a gontains the transition
(e.g, M) to denote matrices, lowercase bold lettexgy,(v) to rates for transitions from any inactive state to any active state.
denote vectors, italicized Arial letterge.§, S) to denote sets,
uppercase italicized letters.¢, S to denote scalar constants, and _ ) _ -
lower case italicized letters.¢, X) to denote scalar variables. Example 4.1Consider a SP with three statés{active waiting,

The Service RequestofSR) has only one request generating Sleeping. Later, we will also denotectiveasA., waiting asW.,
mode. The average interval time of requests generated by SReepingasS. Let the action set be defined As{wakeup wait,
follows the exponential distribution with mean valuk 1/ sleeg. Assume that all three commands are valid in any state. The
An SR model with one request generating mode is a simplifiegSWitching speed matrix is a %3 matrix. The power consumption
model of a real SR whose request generating speed varies froffite POW(S) can be represented by a vector. The switching energy
time to time depending on the workload. From our observations €N€s; §) can be represented by a two-dimensional table. Assume
however, we find that the average inter-arrival time of a giventhat the chosen policy is: £, wait>, <W, sleep, <S,
Poisson process can be estimated within 5% error after observing/akeup}, Figure 1 gives an illustration of this Markov process.
50 events. Therefore, if the input stays stable long enough, thélote that the self-loops are not shown in this figure.

power manager can observe and estimate the input rate
dynamically, and adaptively change its policy.

TheService ProvideSP) is modeled as a stationary, continuous-
time controllable Markov process with state (operation mode) set
S={s; s.t. i=1, 2,..., S}, action sed and generator matrixsga),

alJA. It can be described by a quadrupje f«(s), pow(s), ene(s

§)) where: (i) x is an SS matrix; (ii) u(s) is a functionu: S— R;

(iii) pow(s) is a function powS - R; (iv) ene(s § ) is a function Figure 1 Markov process model of the SP

eng:Sx S- R. The Service Queueg(SQ) is modeled as a stationary, continuous-

We call X the switching speednatrix. The {j)th entry of¥ is time  controllable ~ Markov ~ process, with state set

. Q=Q:stable Qtranster, Where Qstable={q; s.t. i=0, 1, 2,..., Q},
denoted asKs s, and represents the switching speed from state Quanser={q 11 S.t. i=i, 2, .., Q}, and the generator matriRs(s,

to 5. The average switching time from stafdo states is then aq,s), Where s is the SP state, gis the action when SP is in state
1/ X5, - We setys g to bew, because the switch from staf¢o s and SQ is in state q.

. o . . The model of SQ is constructed based on that of an M/M/1 queue.
itself is instantaneous. The entries of the parameterized generatef,o queue length i§. We assume that the request will be lost if

G'éAp(a) and Ggp(a) are defined similarly.

matrix Gsg(a) can be calculated as: the SQ is full at the time the request arrives.
Og.5 () =0(s),@) X 5,575 Og,5(8) =~ ) Og, The state seQuanster is the set ofransfer stateswhich represent
Si*S the states of the SQ when the service of a request has been
&sa) equals to 1 i is the destination state af otherwise Xs,a) finished and the service of the next request has not started. Note
equals to 0. that there is a concurrency constraint between the SQ and the SP

as follows: Whenever the SQ is in a transfer state, the SP is
transitioning from one state to next. Furthermore, the SQ leaves
the transfer state exactly when the SP transition is complete.

A service rateu(s) represents the service speed of SP in state
Therefore, 1Li(s) gives the average time that is needed by SP to

complete the service for one request when SP is insstate . ;
The state séstable is the set oftable states.e., states of the SQ

A power consumptiomate pows) is associated with each state .
sJS. It represents the power consumption of SP during the time itOther than the transfer states. We denote a stable stgteuaich

: - also implies that there areequests in the SQ.
occupies state. The cost rate ¢ of states is equal topow(s). A ) =
switching energy eits, ) is associated with each state pair ( Given the state of SP, the transition rates between the states of SQ

are fixed. There are four types of possible transitions. They are:
(1) The transition from stable stageto stable state;.;. The SQ
will make this transition when it is in statg and a request is
From Eqn. (3.5) we know that the expected power consumption ofienerated by the SR. The transition ratedg;q , =4, i=0, 1,
SP when it is in state and actiong is chosen can be calculated
by: Cs = PowW(s) + ¥ 05 (as)ends,s) .

S%s
We can divide the state s&tinto two groups:
(1) The set of active stateSactive, Whereu(s,) is larger than O for
eaChSaDSactive-

), s,.s0S, s#s. It represents the energy needed for SP to switch
from states to states. The costCq s is equal teends, s).
™

..., @-1, whereA is the request generation rate of SR.

(2) The transition from stable stageto transfer state; ;. The
SQ will make this transition when it is in stateand the service
for the current request is completed by the SP. The transition rate

is: Oqq. 1= u(s),i=1,2,...,Q



(3) The transition from transfer stajg,;.; to stable state.;. The (3) When the SQ is in transfer stakg.q.1, the SP cannot switch
SQ will make this transition when it is state.;.; and the SP from an active state to another active state with longer service
completes switching and starts to provide service for the nextime.

request. The transition rate i€, 4 = Xs¢, i=0, 1,..., Q- The first constraint ensures that the work of SP will not be
i ' interrupted by the command issued by the PM and all commands

1, wheres’is the destination state of actiag s issued by the PM will be accepted by the SP with probability

(4) The transition from transfer stade,; ; to transfer statg.; _;. 1.The last two constraints ensure that the resulting SYS model is a

The SQ will make this transition when it is in stgtei.; and a connected Markov process. Consequently, the limiting distribution
request is generated by the SQ. The transition rate isOf the state probability exists and is independent of the initial state
o =2,i=1,2,..., Q-1. [7]. These two constraints are also reasonable, because when SP
GG T and SQ the are in these forbidden states, then the service speed
For the sake of brevity, we do not describe the boundary caseannot follow the generation speed of the requests. Therefore, we
when the SQ is in statgg_.qq and a request is generated. need to increase the service speed.
Transition between states other than these four classes has a rateTifere is some dependence between the Markov process model of
0. The self-transition rate can then be calculated as:SQ and the Markov process model of SP because the transfer
Ogqq =" Zaq o » 0 q0Q. states of SQ are associated with the active states of SP and their
' ' transitions are synchronized. When the SQ is in stable state,
however, the SQ is independent from the SP.
Definition 4.4 Consider two matrices A and B:

a#q
Based on the above grouping, we can divide the matixs,a)

into four parts: 3338(5,3) G?E(S,a)g, where matrix

Ggo(sa)= a
se BEA(sa) Gig(sa)p A= 12% and B:mll blz%. The tensor product
21 (] %21 boo [

Ggg(s,a) contains the transition rate for transitions between

_ . . _ BillB a12BD
stable states. MatrixGgl(s,a )eontains the transition rates for C=A®B is given by C=p o 0 The tensor sum
21! 2250
transitions from any stable state to any transfer sﬁ@(s,a )C=A0B is given by: C=A 0| n *ln, OB, wheren; is the
and GTsIg(S:a) are defined similarly. order ofA, n, is the order 0B, I, is the identity matrix of order

Example 4.3Consider the SP model given in previous examples, M- _

and assume a maximum queue length of 2. Assume that whenevél/e can write the generator matBsys(a) as (please refer to [18]
the SQ is in transfer state, the PM will issue slepcommand. for proof) :
Figure 2 gives the illustration of the Markov process model of this ss 0
SQ. Note that the self-loops are not shown in the figure. Gayg@) = %Sp(a) 0Gsg(a) M(a)

B GS@ON s, 0GS@E

Os DGEha@b

M = 0] Sawe 0 GSQ@)5 =llq 0, Géle.Géé Gélpl'
g 01 g

01 is aSnactivd(Q+1)X(Ssciivd @) Matrix of all zeros, @is a column

vector of all zeros. The diagonal entriesGyfys(a) are calculated

as:o;;(@Q)=-Y0o; ().
Figure 2 Markov process model of the SQ 7ii(3) %a"’( )

The Power-Managed System(SYS) can be modeled as a The cost of the system is related to the statéthe SYS and the
stationary continuous-time controllable Markov process which is actiona taken by the SYS in state We use the average power
the composition of the Markov processes of the SP and the S@onsumptiorC,.(x,a) and the average number of waiting requests
The state set is giveR= SxQstable [Sactive XQranster. The action Csqto capture the system cost.

set is the same as that in the SP model. A parameterized generatiet x be denoted bys( ), wheresS, gdQ. The power cost can

matrix Gsv4X, a) gives the state transition rates under action a. A pe calculated asC (x,@)= pow(s)+ T os¢(a)endss).
cost function Cost(x, a) gives the system cost under action a when powA™ s0fers '

the SYS is in state x.

There is an action s&, associated with each stateWhen the stateg ...

system Is In state the PM chooses a.command frgm e The We define a total cost as a weighted summation of the power and
action gives the mode of SP that it should switch to. Not all delay cOSLE0S(X,8)= Coonf(X,8) FWITiee(X) (3.1)
actions are valid in all states. Constraints on a valid action are aS- = )= CpoulX, Isq )

follows: V. POLICY OPTIMIZATION

(1) When the SQ is in stable state, the SP cannot switch fromrne hrohlem of power management is to find the optimal set of
active state to inactive state. state-action pairs for the PM such that the expected power

(2) When the SQ is in stable stajg (SQ is full), the SP cannot  consumption is minimized subject to the performance constraints.
switch from an inactive state to another inactive state with longerrhjs problem can be formally written as:

wakeup time.

The delay cost isCs~i, when SQ is in stable stafgor transfer

T tooo

T
min lim {J'o Y Py ¢ (1)Cpow(x.@2™)dT
xOX



1 to the values of ¥{; in the stochastic model. We set the server
st lim=f % Pxo x (T)Csq(X)dT < Dy, Ox, XOX, power dissipation when the server is active, waiting and sleeping
tooo U5, to 40w, 15w and 0.1w, respectively. These values are assigned to

Where pJ(T) is the state transition (direct or indirect) the corresponding cost rates; in the stochastic model. The
energy needed for each transition (given in J) is given in Eqn.

probability from statex to X' in a time period of under policyrt (4.1) (b). These values are assigned to the corresponding transition
a”in “Cpou(x,2")" denotes the action in state costsci; in the model. The performance and the cost metrics are
Another problem formulation is: measured by the average number of waiting requests and the
1, average power dissipation of the system during the simulation.
min lim = T (T)Cos(x,a™)dr, Ox, xOX —
! tmtJ'oX%prDx( )Cos(x.a") g 1 .25 O .2 .55
By adjusting the weights in Egn. (3.1), we can achieve minimum(a)tr—t'me: o° - '1D’(b) tr_energy= Bl - '1|](4'1)

power under different delay constraints. Figure 3 gives the H1 5 -f H1 25 -

workflow of our policy optimization algorithm. The policy |n the first experiment, we changed the value of the performance
iteration algorithm is the same as that in [9]. Details are omittedyeight of our algorithm and obtained a set of optimum policies.

here to save space. We also generated a set of N-policies udirg, 2,..., 5. Figure 4
System Model shows the comparison of the simulated values of perfomance and
power of the two sets. Note that the leftmost (rightmost) N-policy

| solution in Figure 4 corresponds to N=1 (N=5). We find our policy
jts gives better power-delay tradoff than thé-policy. In the

Policy Iteration
Algorithm

Does the policy mee
the performance

experiments, we also calculated the functional value of the queue
length and energy cost (by using the state probability and the state
cost) and found that the functional value and the simulated value
NO are almost the same. This shows that our stochastic model of the
— power-managed system matches the real situation very well.

Increase the weig
of delay in (3.1)

Power Performance Trade Off Pairs

4.5
41 e m N-policy
85 @ our policy
3 4

Figure 3 Policy optimization workflow
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V. EXPERIMENTAL RESULTS ) .

|
First we describe a class of heuristic policies that can give trade . " = g
off between power and performance. Nrpolicy is a policy that 15 .

activates the server when there Breustomers waiting for service

and deactivates the server when there are no customer in the
system [12]. When the server has only two statesive and
sleeping it can easily be shown that the N-policy gives the

[

bt
3

0 0.5 1 15 2 25 3 35

minimum power compared to other stationary policies with the Average Number of Waiting Requests
same performance constraint. Our experiments show that,
however, for a system with more than two server statesiNthe Figure 4 Comparison of our policy and The N-policy

policy does not give the optimal power-delay tradeoff.

Our experimental setup is as follows. We have written an event-In the second experiment, we assume that the performance

driven simulator for simulating the real-time operation of a constraint of the system is to keep the average output rate

portable system together with the power management policy. Thﬁthroughput) the same as the input rate. That is, the average time
simulator simulates the operations of the server, the queue and t %at each task stays in the queue, (i.e. average wa}ltlng.tlme),
power manager under real-time input requests. The server hag'ould be equal to or less than the average inter-arival time of
three statesactive waiting andsleeping We set the length of the asks. In the algorithm, the perform?f‘ce constraint is defined in

queue to 5. Tasks are represented by a sequence of events. THRMS of the average number of waiting requests. Therefore, we

interval time between two consecutive requests is generatedUSt COnvert the average waiting time to the average number of
randomly to follow an exponential distribution with mean value of waiting requests. We used the approximataion that the average

6sec. Thereforei=0.167 in the stochastic model of the system number of waiting requests equals the input rate times the average
The fotal number O'f requests is 50,000. The service tineadi " waiting time of each request. Table 1 gives the simulated values of
task is also generated according to annene’ - ntial distribution with the average waiting time and the corresponding queue length. It

mean value 1.5sec. Thereforgactive=0.67 in the stochastic shows that the approximation is within 5% error of the actual
model of the system. value.

When the system state changes, the power manager is triggeréﬂ the last experiment, we used a set of input tasks where the input

and a new command is issued according to the current systej’?te varied from 1/8 to 1/3. The corresponding average interval

state. The switching time of the server is also generated randoml ime of the tasks varied from.Sseg to 3sec. V\./e. compqred the
Eqn. (4.1) (a) gives the experimental value of the average?©Wer-delay curves for our policy with four heuristic algorithms.
switching time. The time is given in seconds. Note that these refef\MONg heuristic approaches, one is a greedy algorithm which



deactivates (activates) the server as soon as the queue is empiyevious work, our model can represent the system behavior more
(the queue is not empty). The other three are time-out policiesintuitively and more accurately by considering the close

which deactivate the server seconds after it becomes idle. In relationship between the server status and the queue status. By
time-out policy (1),n is fixed to 1sec. In policy (2) is equal to modeling the system as a queue in the domain of continuous-time,
the average inter-arrival time of the input tasks. In policyn(33, the parameters in the model become more realistic such that they
equal to half of the inter-arrival time of input tasks. Figure 5 can be collected easily and precisely. Experimental results were
shows the simulated value of power and the average waiting timepresented to show that our approach is more flexible and more
We can see that our algorithm gives best power dissipation whileffective than heuristic approaches to achieve the best power-

satisfying the performance constraint. performance tradeoff.
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