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Abstract -- The goal of a dynamic power management policy is to reduce the power consumption of an electronic
system by putting system components into different states, each representing a certain performance and power
consumption level. The policy determines the type and timing of these transitions based on the system history,
workload, and performance constraints. In this paper, we propose a new abstract model of a power-managed
electronic system. We formulate the problem of system-level power management as a controlled optimization
problem based on the theories of continuous-time Markov decision processes and stochastic networks. This
problem is solved exactly using linear programming or heuristically using “ policy iteration.” Our method is
compared with existing heuristic methods for different workload statistics. Experimental results show that the
power management method based on a Markov decision process outperforms heuristic methods by as much as
44% in terms of power dissipation savings for a given level of system performance.

l. I ntroduction

With the rapid progress in semiconductor technology, chip density and operation frequency have increased,
making the power consumption in battery-operated portable devices a major concern. High power consumption
reduces the battery service life. The goal of low-power design for battery-powered devices is thus to extend the
battery service life while meeting performance requirements. Reducing power dissipation is a design goal even for
non-portable devices since excessive power dissipation results in increased packaging and cooling costs as well as
potential reliability problems. The focus of this paper is, however, on portable electronic systems.

Portable electronic devices tend to be much more complex than a single VLS| chip. They contain many
components, ranging from digital and analog to electro-mechanical and electro-chemical. Much of the power
dissipation in a portable electronic device comes from non-digital components. Dynamic power management —
which refers to a selective shut-off or dow-down of system components that are idle or underutilized — has proven
to be a particularly effective technique for reducing power dissipation in such systems. Incorporating a dynamic
power management scheme in the design of an already-complex system is a difficult process that may require
many design iterations and careful debugging and validation.

To simplify the design and validation of complex power-managed systems, a number of standardization attempts
have been initiated. Best known among them is the Advanced Configuration and Power Interface (ACPI) [6] that
specifies an abstract and flexible interface between the power-managed hardware components (VLSI chips, hard
disk drivers, display drivers, modems, etc.) and the power manager (the system component that controls the turn-
on and turn-off of the system components). The functional areas covered by the ACPI specification are:

e System power management — ACPI defines mechanisms for putting the computer as awholein and out of
system sleeping states. It also provides a general mechanism for any device to wake the computer.

e Device power management — ACPI tables describe motherboard devices, their power states, the power
planes the devices are connected to, and controls for putting devicesinto different power states. This
enables the OS to put devices into low-power states based on application usage.

e Processor power management — While the OSisidle but not sleeping it will use commands described by
ACPI to put processorsin low-power states.



ACPI does not, however, specify the power management policy. It is the objective of the proposed research to
provide a framework and supporting tools for constructing optimal power management policies based on
modeling the power-managed system as a continuous-time Markov decision process.

The problem of finding a power management scheme (or policy) that minimizes power dissipation under
performance constraints is of great interest to system designers. A simple power management system includes
four components: Service Provider (SP), Service Requestor (SR), Service Queue (SQ), and Power Manager (PM).
Figure 1 shows the information/command flow in a power-managed system. The SR generates service requests
for the SP. The SQ buffers the service requests. The SP provides service to the requests in a top-down manner.
The PM monitors the states of the SR, SQ, and SP and issues state-transition commands to the SP. A simple and
well-known heuristic policy is the “time-out” policy, which is widely used in today’ s portable computers. In the
“time-out” policy, the SP is shut down after it has been idle for a certain amount of time. The predictive system
shutdown approach proposed in [7][8] tries to achieve better power-delay trade-off by predicting the “on” and
“off” time of each component. This prediction approach uses a regression equation based on the component’s
previous “on” and “off” times to estimate the next “turn-on” time, such that the SP can be turned on just before
the request comes. Therefore, the system performance can be improved. This method is only applicable to the
special cases where the requests are highly correlated.

Figure 1 A power-managed system.

In general, heuristic policies cannot achieve the best power-delay trade-off for the system, cannot deal with
complex components that have more than two (on and off) operating modes such as defined in ACPI, and cannot
deal with acomplex system with multiple interactive components.

A power management approach based on a Markov decision process has been proposed in [8]. The system is
modeled as a discrete-time Markov decision process by combining the stochastic models of each component.
Once the model and its parameters are determined, an optimal power management policy for achieving the best
power-delay trade-off in the system is generated. This approach offers significant improvements over previous
power management techniques in terms of its theoretical framework for modeling and optimizing the system.
There are, however, some shortcomings. First, because the system is modeled in the discrete-time domain, some
assumptions about the system components may not hold for real applications, such as the assumption that each
event comes at the beginning of a time dlice, the assumption that the transition of the SQ is independent of the
transition of the SP, etc. Second, the state transition probability of the system model cannot be obtained
accurately. For example, the discrete-time model cannot distinguish the busy state and the idle state because the
transitions between these two states are instantaneous. However, the transition probabilities of the SP whenitisin
these two states are different. Moreover, the power management program needs to send control signals to the
components in every time-slice, which results in heavy signa traffic and a heavy load on the system resources
(and therefore more powey).

In this work, we overcome these shortcomings by introducing a new system model based on continuous-time
Markov decision processes. More precisdly:

1. The new model is based on continuous-time Markov decision processes, which are more suitable for
modeling real systems.

2. The resulting power management policy is asynchronous, which is more appropriate for implementation as
part of the operating system.



3. The new model explicitly distinguishes the busy state and the idle state of SP so that the system
characterization becomes more accurate.

4. The new model considers the correlation between the state of the SQ and the state of the SP, which is the real-
life scenario.

5. The model for the service queue consists of a normal queue and a high priority queue. Thisis important since
some service requests are "urgent” and need immediate response from the server.

The service requester model is capable of capturing complex workload characteristics.

The overall system model is constructed exactly and efficiently from the component models. We use an
analytical base approach to calculate the generator matrix for the joint process of SP-SQ and a tensor sum
based calculation to calculate the generator matrix of the joint process of SP-SQ and SR.

8. Both (exact) linear programming and (heuristic) policy iteration algorithms are used to solve the policy
optimization problem.

Parts of this work were published in [10] and [11]. This paper is organized as follows: Section Il gives a
theoretical background of continuous-time controllable Markov processes. Sections Il and 1V describe the
models for the components and the system. Section V describes the solution technique for the optimal policy.
Sections VI and VI present the experimental results and conclusions.

. Background

This section provides atheoretical background on continuous-time Markov decision processes.

We first give the notation that will be used throughout the paper:

Pi—;(t): transition probability from statei (directly or indirectly) to statej during time O to t
pi(t): probability that the systemisin statei at timet

X(t): value of the stochastic process X at time t

S, T: state space and parameter space of a stochastic process

G: the generator matrix of a continuous-time Markov process

A set of available actionswhen asystemisin state i

a(t): the action that the system takeswhen it isin statei at timet, a(t)e A

piai (t) : the probability that action a;(t) istaken when the systemisin statei at timet
P/ (1) : the vector of p& (t), for all acA,

7. the power management policy

0. trangition rate from state i to state j

aiaij(t) : trangition rate from state i to state j at time t when action a(t) is taken

A
ol ®

i transition rate from state i to state j at timet when actions are taken with probability piAi (1)

ri;: reward rate (per unit time) of the system when it isin state i
ri;: transition reward of the system during the time when it makes a transition from state i to state |



ri: earning rate of the system during thetime it isin state

riai O reward rate of the systemwhen itisin state i and action a(t) is taken at timet

A
r Pt () : reward rate of the system when it isin state i and actions are taken with probability piAi (t) attimet

vi(t): the total expected reward of the system from time O to time t with initial statei

Vv (t) : the total expected reward of the system from time O to time t with initial statei and policy
Vi'avg - thelimiting average reward of the system with the initia state i and policy T, Vi qyg = tIi_)m %vi" (1)
Xs.s; - the inverse of the average switching time of the SP from state 5 to state 5

Ty the inverse of the average switching time of the SR from stater; to r;

A (An): SR request generating rate of alow (high) priority request
M (uy): SP service rate of alow (high) priority request
A. Stochastic process

Definition 2.1 A stochastic process is afamily of random variables { X(t), t=0}, one for each t. t denotes the time
parameter. For a specific t, X(t) is arandom variable with distribution F(x, t) = P[X(t) < X]. The values assumed by
the process are called the states, and the set of possible values is called the state space.

Definition 2.2 A stochastic process X(t) is called a Markov process if for any set of time instances to<t;< ...<t,<t
its conditional distribution has the property:

PEX(t) < X[ X(th) = Xn, X(th-1) = Xn_1.--.. X(tg) = Xo] = P[X(t) < X[ X(ty) = Xp]

whereto, ty,..., t,, te T and X, Xy,..., X, € S. When T is a continuous space and S is a discrete space, the Markov
processis called the continuous-time Markov process.

Given a continuous-time Markov process with n states, its generator matrix G is defined as an nxn matrix as
shown in Egn. (2.1). Anentry & in G is called the transition rate from state i to state j. All entries are defined in
Eqgn. (2.2) and Egn. (2.3). Eqgn. (2.4) gives the relationship between ¢;; and o;;.

—000 Op1 002

G=| °0 ~0%11 012 °v (2.1)
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oi, =”m1_pi—3i(t)=—pi':si(0) i=1, 2,...,n (2.2)
t—0 t
(i
O'i,j=|im pl:l()=p|’:>1(0) i,j=1,2,...,n;i¢j (23)
t—0
2. 0j,j =0i, Li=L2 ., ni0#] (2.9

j#i

where pi_, j (t) isthe derivative of pij(t). Obvioudly, pi-j(t) 20and ¥ pi j(t)=1.
j€S



The generator matrix in the continuous-time Markov process is the analogue of the transition probability matrix in
the discrete-time Markov process. We can calculate the limiting distribution (steady) state probabilities of the
continuous-time Markov process from its generator matrix. Theorem 2.1 shows the relation between this matrix
and the limiting distribution probabilities [7]. Before stating the theorem, we give some definitions.

Definition 2.3 Let T;; be the first time instance at which that the Markov process visits state j starting from state i.
A statei iscalled recurrent if P(T; < ) = 1. A statei is called transient if P(T;; < =) < 1. A recurrent sate is said
to be positive recurrent if E(T;) < o, where E(T;) is the expectation of T.

Definition 2.4 A recurrent state i is said to be periodic with period d if d > 1 is the greatest common divisor of all
t,, which is the nth time instance at which the Markov process returns statei if it starts from state i in time O. If
thereis no such d, the stateis called aperiodic.

Definition 2.5 State j is said to be accessible from state i if j can be reached from i within finite time, which is
denoted asi—j. If i—j and j—i, they are said to be communicate, which is denoted as i<»j. The set of al states of
a Markov process that communicate with each other forms a communicating class. If the set of al states of a
stochastic process X form a single communicating class, then X isirreducible.

Definition 2.6 A Markov chainis caled ergodic if it isirreducible, positive recurrent, and aperiodic.

Theorem 2.1 ([12]) If the Markov process is irreducible, then the limiting distribution lim._,..pi(t) = p;, i€ S, exists
and is independent of the initial conditions of the process. The limits {p,| n € S) are such that they either vanish
identicaly (i.e., pp=0for dl i € S) or are al positive and form a probability distribution (i.e., p; >0 for dl i e S
Yiespi = 1). Furthermore, the limiting distribution {p;, i € S} of anirreducible positive recurrent Markov processis
given by the unique solution of the equation: pG = 0 and Zjcsp; = 1, where p = (po, P1, P2, ---)-

B. Continuous-time Markov decision processes

We now give a brief introduction to continuous-time Markov decision processes. For the discussions in the rest of
this paper, we will omit the term “continuous-time” for a briefer description. Unless otherwise stated, all
processes are assumed to be continuous-time.

First, we describe a Markov process with reward. Assume the system earns a reward at rate r;; (per unit time)
during the time that it occupies state i. When it makes a transition from state i to state j (i#j), it receives areward
of ri;. Note that r;; and r;; 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 statei
as.
f :ri’i + .Z.O'i’jri’j (25)
j#i

Let vi(t) be the expected total reward that the system will earn during atime period of t if it startsin statei. The
total expected reward during atime period of t+dt, that is vi(t+dt), can be written as:

Vi (t + dt) = (1— z O'i’jdt)[ri’i dt + Vi (t)] + z O'i’jdt[ri’j + Vj (t)] (26)
j#i j#i
Egn. (2.6) may be interpreted as follows. During the time interval dt the system may remain in state i or make a
transition to some other statej. If it remainsin state i for atime dt, it will earn arater;;dt plus the expected reward
that it will earn in the remaining t units of time, vi(t). The probability that it remains in state i for atime dt is
(1- X g jdt). On the other hand, the system may make atransition to some state j#i during the time interval dt
j#i

with probability o;;dt. In this case the system would receive the reward r;; plus the expected reward to be made if
it starts in state j with time t remaining, vj(t). The product of probability and reward must then be summed over all
states j=i to obtain the total contribution to the expected values.

With dt—0 and using the definition of earning rate r;, we have:



n
iVi(t)=l’i+ ZO'i ]V](t) i=1, 2,...,Nn (27)
dt ji=1
where n is the total number of states of the process. Egn. (2.7) gives a set of linear, constant coefficient
differential equations that relate the total reward in time t from a starting state i to the values of r; and g;;.

Second, a controllable Markov process is a Markov process whose state transition rates can be controlled by
controlling commands (defined as actions). When the system is in state i, an action a; is chosen from a finite set
A, which includes all possible actions in state i. We denote this state-action relation by <i,a;>. If the chosen action
changes as the time changes, we denote the action as a time-dependent variable a(t). Hence the state-action pair is
written as <i,a(t)>.

Definition 2.7 A policy & isthe set of state-action pairs for all the states of a controllable Markov process.

A policy can be either deterministic or randomized. If the policy is deterministic, then when the systemisin state
i at timet, an action a(t) is chosen with probability 1. We denote a deterministic policy as: m={ <i,a(t)> | ai(t)e A,
1<i<n}. If the policy is randomized, then when the system is in state i at time t, an action & is chosen with

probability p? (t), such that Y p? (t) =1. We denote a randomized policy as: n={ <i, p*(t)> | 1<i<n}, where
aeA

p/ (t) is avector of p*(t) for all aeA;. Notice that the deterministic policy is a special case of randomized
policy with one of the p? (t) equals 1.

In a controllable Markov process, the state transition rates o;; have different values when different actions are

. . . : A
taken. In a deterministic policy, we denote it as ofj"j(t) . In arandomized policy, we denote it as ai'?'j ©

A
o =

, and

> af"ji pia‘ (t) . As aresult, the generator matrix of a controllable Markov process is a parameterized
Qe Ai

matrix (action is the parameter). A Markov decision process is a controllable Markov process with rewards. In a
Markov decision process, since o, ; is action-dependent, the reward rate r; also becomes action-dependent and

A
will thus be denoted as r*® for a deterministic policy and r,” ® for a randomized policy, a(t)e A. The
expected total reward vi(t) depends on the chosen action in each state, i.e., it becomes policy-dependent and will
be denoted as v (t) . An example of aMarkov decision process s given in Example 2.1.

a b
ii10i

A ={a, b} @AF{X,V}

X Y
00
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Figure 2 Example of a controllable Markov process.

Example 2.1 Consider a controllable Markov process that consists of only two statesi and j (see Figure 2). When
the systemisin state i, the set of available actions is denoted as A;; we assume that Ai={a, b}. The transition rate

from state i to state j equals ai"f‘j when action a is taken and aitfj when action b is taken. Similarly, we define

A={X ¥}, a}(‘i ,O'jy,i . If we always take action a when the system is in state i and always take action x when the

system isin state j, we can write the resulting policy as. n={<i, &>, <j, x>}. The system generator matrix using
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policy mt can be written as G =
O-j,i _O-j,i

] . Now consider arandomized policy '={<i, (0.5, 0.5)>, <j, (0.4,

0.6)>}. This means that when the system is in state i, action a is taken with probability 0.5 and action b is taken
with probability 0.5; when the system isin state j, action x is taken with probability 0.4 and action y is taken with

probability 0.6. Therefore aif"in =050}, +0.507; and afi‘j =040 +0.607;. The system generator matrix is
constructed based on these two values.

For the remainder of this paper, we will only use the notation for a deterministic policy.
Let pi":>j (t) denote the probability of being in state j at time t when the initial state at time 0 isi and the state

transition rates are determined by policy . Similarly, let rja’( ) denote the earning rate in state j at time t and

action g; is taken. The total expected reward that the process can earn for a time period of t using policy w can be
written as ([14]):

n .
O =15 2 Pl (@)1 Var (28)
]:

Given two policiest; and m,, if we can find atime &, such that vi"1 ® 2vi"2 (t),foral t¢,i=1,2, ..., n, thenwe

say that policy m; is superior to m,, denoted as &t; > m,. A policy m isoptimal, if it is superior to al other policies

for the Markov decision process.

Let v* = lim v’ (t). The goal of aMarkov decision processis to find the optimal policy that maximizes v{* for all
t—ooo

i. However, in practice, we cannot use v directly for calculating the optimal policy since v (t) approaches
infinity when t approaches infinity. A commonly used alternative quantity is the limiting average reward:

t n )
ViTSavg = “m}f b3 pift:j(f)rfj(r)df (2.9
t—)ootoj:]_

Obviously, maximizing the limiting average reward for any fixed t is the same as maximizing v .

Definition 2.8 A policy w is stationary if the action is only a function of the state and independent of time, that is,
n={ <i,a> | ae A, 1<i<n} for adeterministic policy or m={ <i, p/* > | 1<i<n} for arandomized policy.

Definition 2.9 A policy T is piecewise stationary if for any t, interval [0, T) can be divided into a finite number of
intervals[O, ty), [t1, to), ..., [tm1, T) SUch that the policy is stationary inside each interval.

Theorem 2.2 [14] There exists a stationary policy that maximizes vi’favg over the class of piecewise-stationary
policies.

Based on this theorem, we conclude that we do not lose generality if our search for the optimum policy is
restricted to the set of stationary policies. Therefore, actions and policies that we will discuss from now on are all
time-independent and we will reduce the notation g(t) and piAi (t) toa and piAi :

The goa of a Markov decision process is to find a policy that maximizes the expected reward. In our case, we
want to find a policy that minimizes our cost function (i.e., power dissipation). These two problems become

equivalent if we use the negative of cost as the reward. In the remainder of the paper, we will use the term cost
instead of reward and use ¢;; and ¢;; instead of ri; and rij, Cjag instead of Vi 44 IN our work, we actually used a



constraint Markov decision process to model the power-managed system. In the constraint Markov decision
process, for each state, there is an object cost ¢_obj and several constraint costs ¢_con. The goal of the constraint
Markov decision process is to find a policy that minimizes the expected value of objective cost while meeting the
given congtraint. That is:

Minimize, (c_obj",,), st. c_cona,4 < Constraint

The value of C_obj{",,q and C_con{",,q can be calculated based on ¢_obj and c_con using Egn. (2.9). We will
introduce how we define and cal culate the objective cost and the constraint cost in our system model in Section V.

[1. Component modeling
In this section, we describe the mathematical models of the components in a power-managed system.
A. Assumptions

The power-managed system consists of four components: a server that processes requests with different power
modes (SP), a generator that generates the service reguest (SR), a queue which stores the requests that cannot be
immediately serviced upon arrival (SQ), and a power manager (PM) that issues mode-switching commands to the
SP. The SR is independent of the rest of the system. Requests generated by the SR can be divided into two
categories. low-priority regquests and high-priority requests, which are generated independently of each other.

Both the request arrival events and the request service completion events are stochastic processes and follow the
Poisson distribution. When we state that the request arrival event is a Poisson process, it means that during time
(O, t] the number of the events follows a Poisson distribution with mean At. Consequently, the request inter-arrival
time follows an exponentia distribution with mean 1/4. Notice a request that arrives when the SQ is full will be
rejected. We also assume that the time that is needed for the SP to switch from one state to another follows an
exponential distribution. In reality, the switching time for the SP is usually a small fixed value. We know that if
the expected value of an exponentially distributed random variable is a then its variance is &. If a is very small,
then the variance will be negligible. Therefore, if the switching time of the SP is much shorter than the service
time or input generation time then it can be modeled by an exponentia distribution without introducing much
error.

In the remainder of this paper, we will use upper case bold letters (e.g., M) to denote matrices, lowercase bold
letters (e.g., V) to denote vectors, italicized Arial-Font letters (e.g., S) to denote sets, uppercase italicized letters
(e.g., S to denote scalar constants, and lower case italicized letters (e.g., X) to denote scalar variables.

B. Model of the Service Provider

The Service Provider (SP) is modeled as a stationary, continuous-time Markov decision process with state
(operation mode) set S={s st.i=1, 2, ..., §, action set A, and parameterized generator matrix Gg(a), acA. It

can be described by a quadruple (¥, u(s), pow(s), ene(s, s)) where (i) x isan SxXSmatrix; (ii) (s) and u(s) are
functions, 4,u,: S—R; (iii) pow(s) is a function, pow: S—R; (iv) ene(s, 5 ) isafunction, ene: SxS—R.

We call x, the switching speed matrix of the SP. The (i,j)th entry of y is denoted by . s, and represents the
switching speed from state s to state 5. The average switching time from state s to state 5 isthen 1/ y 5 We set
X5 t0beceo becausethe switch from state s to itself is instantaneous.

The entries of the parameterized generator matrix G (a) can be caculated as:

45, (8)=9(sj.8) x5+ §7S; (3.1)



O s (a)= —SJES o 5, (a) (3.2

if sisthedestination stateof actiona

3.3
otherwise (33

1
where d(s,a)= { 0

The service rates () and () represent the service speed of the SP for low-priority requests and high-priority
requests in state s, respectively. Therefore, 1/u(s) (1un(S)) gives the average time that is needed by the SP to
complete the service for alow (high) priority request when itisin state s.

A power consumption value pow(s) is associated with each state se S. It represents the power consumption of the
SP during the time it occupies state s. The cost rate cqs Of state sis equal to pow(s).

A switching energy value ene(s, s) is associated with each state pair (s, S), S,S€ S, s#5. It represents the energy
needed for the SP to switch from state 5 to state 5. The cost ¢ s isequal to ene(s; s).

From Eqgn. (2.5), we know that the expected power consumption (cost rate) of the SP when it is in state s and
action as is chosen can be calcul ated as:

Cs = pow(s) + > O'S,S,(as)ene(s,s’).
S #S

In redlity, states (i.e., working modes) of the SP can be divided into three groups. busy, idle, and power-down. In
busy states, the SP is fully powered and working on the first request in the SQ. We assume that each request
service is atomic so that the SP cannot switch to any other state when it is working on some request. In other
words, the switch from the busy state to another state is not controllable. It only occurs when the SP finishes one
service. For each busy state, there exists a corresponding idle state. In the idle states, the SP is fully powered, but
it is not working on any request. An idle state is the only state that connects to its corresponding busy state. When
the SP finishes a service, it will automatically switch from the busy state to its corresponding idle state. When SP
wants to switch from some other state to a busy state, it first switches to the corresponding idle state then goes to
the busy state. Notice that the idle states are not physical states of SP. When the SPisin an idle state, it isin the
same power mode as when it isin the corresponding busy state. We only use the idle state to make our modeling
convenient. In power-down states the SP is partially or completely shut down, i.e., it is not operational. The SP
may have multiple power-down states (e.g., standby, soft off, or hard off).

Not all actionsin A arevalid in al SP states. Constraints on avalid action can be stated as follows:

1. Whenthe SPisin abusy state, itstransition is not controllable, Aps,=®.

2. Theaction cannot make atransition from a power-down state to abusy state.

3. Theaction cannot make atransition from an idle state to a busy state other than its corresponding busy state.

Definition 3.1 Power-down state s; is more vigilant than inactive state s, if the SP in state s5; wakes up (switches
to an active state) faster than the same SP doesin state s,.

Different busy states may be used to model a component working under different supply voltages. We associate
power and delay (service rate) values to each of these states to model the server performance under different
supply voltages. Therefore, our policy optimization approach (cf. Section V) can also find the best policy for
dynamic voltage scaling asit finds the optimal policy for power management.

Example 3.1 Consider a SP with six states, S={busy,, busy,, idle;, idle;, wait, sleep}. When the SP is in state
busy;, it services the requests at alow speed. Assume that the average time needed for each service (for both low-
priority requests and high-priority requests) is 5 ms. Therefore, 4 (busy;) and u,(busy,) are 0.2. Also assume that
in state busy,, the SP services the request at a higher speed, e.g., u(busys)=un(busy,)=0.4. w(idley), u(idley),
u(idley), u(idley), w(wait), un(wait), w(sleep), and wn(sleep) are al 0. Let the command set be defined as



A={go_busyi, go_busy,, go_idle;, go_idle,, go_wait, go_sleep}. Notice that not all four commands are valid (or
available) in all states. The switching speed matrix y is given by:

0 02 0 0 O

0« O 04 0 O
o 0 e 10 1 05
Y70 w10 o 1 05
0

0 0454 0454 - 15
0 O 0166 0166 15 oo

By default, the order of the states in the rows and columns of this matrix are the same as the | eft-to-right order of
the states in S. x4 5 =°> means that the SP can transfer from state s to 5 immediately. i =0 means that the

SP can never transfer from state s to s. In this example, the transfer from any state to itself needs no time. The SP
can transfer from the busy state to the idle state with the transition rate equal to the service rate because it
autonomously goesto the idle state immediately after it finishes arequest. The SP cannot switch between the busy
state and the wait state (or sleep state) directly (it must go through the idle state). Therefore the corresponding
entriesin the matrix are 0.

The power consumption is: pow(busy,)=2.3W, pow(busy,)=6.5W, pow(idle;)=2.3W, pow(idle2)=6.5W,
pow(wait)=0.8W, and pow(sleep)=0.1W.

The switching energy ene(s, s) matrix is:

[0 o 0 oo oo oo

o 0 o 0 o oo

0 o 0 03mJ 1mJ 2mJ
o 0 03mJ 0 Im] 2mJ
o oo 44m] 44mJ 0 0.66mJ
o oo 30mJ 30mJ 9mJ 0

ene(s,sj) =

ene(s, S)=c> means that the SP cannot switch between the corresponding states. Note that the energy cost of the
autonomous state change (busy to idle) is zero.

A graphical illustration of the SP is shown in Figure 3. The transition rates associated with the edges have not
been shown in the figure. They can be extracted from G« (a) for specific actions. The self-transitions of each state
are not shown in the figure.

|
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Figure 3 Markov process modd of the SP.
C. Modd of the Service Requester

The Service Requester (SR) is modeled as a stationary, continuous-time Markov process with state set R={r; s.t.
i=0, 1, 2, ..., R} and generator matrix Gs. It can be characterized by a pair (7, A(r)), where (i) 7is an RxR
matrix and (ii) A4(r) and Ax(r) are functions /: R— R.

We call T the switching speed matrix of the SR. The (i j)th entry of T is denoted as 7, P We assume that the time

needed for the SR to switch from one operation state to another is arandom variable with exponential distribution.
The average switch time from state r; to state rj is given by 1/7, .- Weset 7, 0 be o because the switch from

state r; to r; is instantaneous. The SR model is a continuous-time Markov process with the generator matrix Ggg.
Thevalueof o, . (the transition rate from state r; to state r;) can be calculated as:

O-ri i = Tri,rj » [ O-r, L= 2 O-r, i (34)
T

The request rates 4(r) and Ay (r) are associated with state reR. When the SR is in state r, the generation of the
low-priority requests follows the Poisson process with mean value 1/4,(r), whereas the generation of the high-
priority regquests follows the Poisson process with mean value 1/4,(r).

Example 3.2 Consider an SR with two states, r; and ro. When it isin state ry, it generates a low priority request
every 30 ms on the average and a high priority request every 50 ms on the average. When it is in state r, it
generates a low priority request every 60 ms and a high priority request every 90 ms. So the request rates in each
state are defined as follows: A(r1)=1/30, An(r1)=1/50, A4(r,)=1/60, and An(r,)=1/90. The switch matrix T is a 2x2
matrix with one entry for each state pair. For instance:

o 1/200
T= .
1/400

This means that when the SR isin state r, the expected time that it will switch to state r; is 200 ms, and when the
SRisin state r; the expected time that it will switch to state r, is 400 ms. Therefore, the generator matrix of SR is:

_[-1/200 1/200
SR™1 17400 —-1/400]

Figure 4 gives the illustration of the Markov process model of this SR. The self-transitions of the states are not
shown.

1/200

A(ry)=1/30 A(r)=1/60
An(r1)=1/50 An(r1)=1/90
1/400
Figure4 Markov process model of the SR.

11



D. Modé of the Service Queue

A Single Service Queue (SSQ) is modeled as a stationary, continuous-time Markov process, with state set
Qsso={0i,1=0, 1, 2, ..., Q} and the generator matrix Gsx(S, r), where Q is the maximum length of the queue, sis
the state of SP, and r isthe state of SR..

The number of waiting requests in the queue decides the state of the SSQ. If there are i requests waiting in the
queue, then the queue is in the state of ¢. The entries of the parameterized generator matrix Gsso(S, I) can be
calculated as:

Od .0 =Ar), 00,1, = u(s), Oq.q :_q Eq Oq aj ,0si<Q-1
i #0i

Og.q; = 0, for other state pairs

A(r) and w(s) are the request input rate and service rate of the queue. The shortcoming of using SSQ as the
stochastic model of the service queue is that we can assign only one delay congtraint (i.e., the constraint on the
average waiting time of the requests) during the policy optimization. In a power-managed system, the SP, under
control of the PM, may thus not service an incoming request immediately in order to achieve better power-delay
trade-off. However, there may exist high-priority requests that need immediate service by the SP. In this case, if
we use a loose delay constraint (which means the power management policy may not service the request
immediately) the consequent long latency is not acceptable for high-priority requests. If we instead use a tight
delay congtraint to ensure that the high-priority requests are serviced immediately, then there will be undesirable
power dissipation related to an unnecessarily tight delay constraint on low-priority requests.

We henceforth model the service queue as a combination of two SSQs: one (denoted as HSQ) for the high-
priority requests and the other (denoted as LSQ) for the low-priority requests. The relationships between these
two queues are:

1. Two different delay constraints are assigned to the HSQ and the L SQ separately such that the requests in the
HSQ have a smaller waiting time than those in the LSQ.

2. The SP will not start serving the requests in the LSQ until it finishes all the requests in the HSQ. Therefore,
we define the service rate of the LSQ as a function that relates to both the state of the SP and the state of the
HSQ: (s, hgy), where sisthe SP state and hqj is the HSQ state. If i=0 then £/,(s, hgo)=#(S), otherwise, 1/\(s,
hq;)=0.

Although we have introduced two queues in our stochastic model of the service queue, we are actually modeling a

single priority queue. The SQ model can be used to model the commonly used priority queue in an operating

system where two different priorities are assigned to tasks, and high-priority tasks, when they come, are inserted
into the front of the queue. Moreover, ocbviously, the SQ model can be extended to model a queue of requests that
have more than two priority levels.

Theformal definition of the SQ model is asfollows.

The Service Queue () is modeled as a stationary, continuous-time Markov process, which is the combination of
two SSQs: LSQ and HSQ. The state set of the SQ is given by Q= Q,sox Qusq, and the generator matrix is given
by GgofS, )= GLso(S, I) @Guso(s, I, ha), where sis the state of SP, r is the state of SR state, and the * &’ operation
isthe tensor sum defined in Definition 4.1.

The number of waiting requests in the HSQ and L SQ decides the state of the SQ. If there are i requests waiting in
the LSQ and j requests waiting in the LSQ, then the queue is in the state of (Ig;, hg;). The entries of both the
parameterized generator matrix Gusq(S, ) and G oS, 1, hg) are calculated in the same way as Gsso(S, ) except
that they use A4(r), «1(s, hg) and Aq(r), un(S) asthe input rate and service rate, respectively.

Example 3.3 Consider an HSQ and an LSQ. Assume that the maximum length of the HSQ is 1, the maximum
length of the LSQ is 2. The generator matrices of the HSQ and LSQ are:

12



—An(r)  An(r)

= A4(r) A4 (r) 0
HUn(S) —ﬂh(S)}

» GLsq(sir.ha)=| gi(sha) —pi(sha)-A4(r)  A4(r)

GHSQ (S, r) = |:
0 i (s,ha) — 4 (s,ha)

The generator matrix of the SQ is:

000 An(r) A(r) O 0 0 |
Mn(s) o1n O A4() O 0
m(s) 0 o2 An(r) A4() O

0 0 un(s) o33 0  A4(r)

0 0 () 0 o044 An(r)

0 0 0 0  un(s) o055

Gg(sr) =

To save space, we did not write out the value of the diagonal entries.

i
Request starvation may occur when high priority requests keep coming while there are some low priority requests
waiting. However, this problem can be solved by the OS. If alow priority request has been waiting in the queue
for too long, the OS will change its priority to high so that it will get serviced. Most of the existing operating

system codes have a similar mechanism to prevent starvation. As a result, the power manager need not be
concerned with this problem.

V. System modeling

We first show how to construct the model of the entire system by combining the component models. Then we
explain how the power-managed system model is applied to practical applications.

A. Model of the Power-Managed System

The Power-Managed System (SYS) can be modeled as a controllable continuous-time Markov process, which is
the composition of the models of the SP, the SR, and the SQ. The state set is given by: X=SxQxR—{invalid states
where SP is busy and SQ is empty}. A set of all possible actions, which isthe same as A in the SP model, is given.
A parameterized generator matrix Gsys(@) gives the state transition rates under action a. The SYS state can be
represented as (s, r, (19, hg)), whereseS, reR, 10eQsq and hqe Quso.

Similar to the case of the SP model, not al actions are valid for any system state. The action constraints (which
are described in Section 111.A) for the SP model till apply to the SYS model. In addition, we add the following
constraints related to the SY S model.

(1) When both the LSQ and HSQ are full and the SP is in an inactive state, the SP cannot make a transition to
another inactive state that is less vigilant (c.f. Definition 4.1) than the current one. This constraint is
reasonabl e because the SP must go to afully functional state as soon as possible in this situation.

(2) When both the LSQ and HSQ are full and the SP is in an idle state, the SP cannot make a transition to a
power-down state or another idle state whose corresponding busy state has a slower service rate. This
constraint is also reasonable because when the SP and SQ are in the above states, it means that the service
speed is not enough to match the incoming speed of the requests. Therefore, we need to increase the service
rate, not decreaseit.

Proposition 4.1 If the SY S satisfies the above two constraints, there is only one ergodic chain in the system, and
the states outside the ergodic chain are all transient states.

13



B. Calculating the generator matrix

We next introduce an efficient method for calculating the generator matrix Gsys(a) of the system from the
generator matrices of the system components: Gsp(a), Gsr, and Ggo(s, 1).

First, we show how to calculate the generator matrix of a joint process of two independent continuous-time
Markov processes. Proposition 4.2 gives a method to obtain the joint transition rate of two independent
continuous-time Markov processes. Proposition 4.3 gives the method for generating the generator matrix of the
joint system using matrix operations.

Proposition 4.2 Given two independent stochastic processes X and Y, let o) xy) denote the trangition rate of the
joint process from the joint state (x,y) to joint state (x7y), where x and X’ e state space of Xandy and y’ € state

space of Y. Let oy denote the transition rate of process X from state x to state X" and o, denote the transition
rate of process Y from state y to state y. Then oOuyxy) = Gy Oxyhixy) = Oxxs Oxyxy) = 0, and

Oxy),(xy)~ Oxxt Oyy-

Let matrices A and B be defined as:

ay b1 by b3
A= |:a21 a22:| and B= b21 b22 b23
b3y b3 bs3

allB alzB
a21B azzB
by: c=A®I,, +1, ®B, wheren, isthe order of A, n;isthe order of B, and 1,, istheidentity matrix of order n.

Definition 4.1 The tensor product C=A®B is given by C:[ } The tensor sum C=A®B is given

Proposition 4.3 Given two independent continuous-time Markov processes with generator matrices A and B, the
generator matrix of the joint processis given by A®B.

We have mentioned in Section I11.A that the SR is independent from the rest of the system. Therefore, Gsys(a)
can be calculated as:

Gsys(a)zesp_sQ(a, r)@GSR (41)
where Gsp.so(a, 1) is the generator matrix of the joint process of SP and SQ. Notice that Gsys(a) generator matrix
is aso a parameterized matrix of action a.

The transition of the SP from a busy state to its corresponding idle state is correlated with the transition of the SQ
from state (Iq;, hq) to state (Ig;, hg.1) or the transition of the SQ from state (Iqj, 0) to state (Ij.1, 0). Thisis because
whenever the SP makes a transition from a busy state to an idle state (finishes the service for a request), the SQ
makes a transition from state (Ig, hq) to state (Iq', hq") where lg+hg=lq’+hqg’+1. The other transitions of the SP and
SQ are independent. Therefore, we can calculate each entry of Gep.sg as this:

Let oxx denote the transition rate for the transition from state x=(s, (19, hq)) to state X'=(s, (¢, h')).

If sisabusy state, S’ isthe idle state corresponding to s, and (Ig+hq)—(Iq'+hq)=1, then oxx equals Gy, nq).iq, hy)»
which isthe transition rate of the SQ from state (1q, hg) to state (Iq', hq).

If sisabusy state and s isthe corresponding idle state, but (Ig+hq) — (Ig+hq’)#1, then o equals 0.
If sisabusy state and (Ig+hqg)—(Ig’+hg’)=1 but S’ is not the corresponding idle state of s, then oy equals 0.

For all the other o, we can use the value of the corresponding entry of matrix Gep(a)@Gso(S, r). Notice that,
after the operation, parameter sin GgqS, r) has been removed by substituting the real state of the SP. Therefore,
the generator matrix of Ggp.sg iS parameterized matrix which depends on variablesa and r.
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The values of the diagonal entries of Gs.so Need to be recal culated using Eqgn. (2.4).

Example 4.1 Consider the SP and SQ models given in Examples 3.1 and 3.3. The generator matrix of their joint
process can be calculated like this:

O (busy,,(00),(idley,(0,0) = C(0),(0,0) (Pusy1) = u (busyy ) ,
O (busyy,(L0)),(idley,(0,0)) = O (busy,(2.0)),(idley,(1,0)) = i (busyy, 0) = g (busy, ) ,
O (busys, (1Y), (idley (00)) = O (busyy (2),(idley, (1) = 4i (BUSy1,1) =0,

O (busy;,(0,0)),(idle;,(0,1)) = 9 (busy;,(0,0)),(idley,(1,0)) = 9 (busy;,(0,0)),(idley, (1)) = "= O (busyy,(2,1),(10)) = 0,
O (busy,,q),(S,q) = 0, whereszidley, g, g€ Q.

The value of o(pysy, g),(s,q) Can be calculated in the same way as o pugy, ,q),(s,q) - 1he values of the other o«
entries equal the values of the corresponding entries of matrix Gsp(a)®Gsq(S, r). i

C. Application issues

Using the SY'S model, a power-managed system in rea application can work in the following way. When the SP
of the system changes states, it sends an interrupt signal SWITCH_DONE to the PM. The PM then reads the
states of al the components in the power-managed system (and hence obtains the joint system state) and issues a
command according to the chosen policy. The SP receives the command and immediately starts to switch to a
state that is dictated by the command. Notice that the command may ask the SP to switch to its current state;
therefore the SP state does not change. We assume that after the SP finishes a service, it stays in the idle state for
aperiod of time long enough for it to accept the command from the PM and to switch to another state.

V. Solution techniques

A. Problem formulation

The power management problem is to find the optimal policy (set of state-action pairs) for the PM such that the
average system power dissipation is minimized subject to the performance constraints. The performance of a
system is usualy measured by the average delay of each request. We have the following theorem:

Theorem 5.1 In a power-managed system, if the loss rate of the request is small enough, then D = Q - 4, where D
is the average request delay, Q is the average number of waiting requests in the queue, and A is the average
request inter-arrival time. Furthermore, during any time period of length T, Ex(d) = Ex(q) - T/ X, where E+(d) and
E+(q) denote the average request delay and the average number of waiting requests in the queue during time T,
and X is the number of incoming requests of this system during time period T.

We define the objective cost of the constraint Markov decision problem c_objgx =c_ pow(x,a), where
c_pow(X, a,) denotes the power consumption of the system when it isin state x and action a, is used. In this work,
we only consider the power consumption of the SP. We will explain how to calculate the objective cost in
different solution approaches later in this section. We define two constraint cost ¢; _condx =c_lsg(x),

¢, _cong* =c_hsg(x), c_Isq(x), and ¢_hsg(x) denotes the number of waiting requests in the low priority queue

and high priority queue, respectively, when the system is in state x. Notice that, although the constraint cost for
each dtate is policy independent, since the state probability for each state is policy dependent, the total expected
constraint cost is policy dependent.
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The problem can be formally described as:

Find apolicy  to minimize: lim tjo Z Py« (7)-c_pow(x’,a")dr,
t—>eo

st. lim= fo Z pxjx A(7)-c_lsg(x)dr <D

t—ooot

and lim = Io Z pxjx (7)-c_hsq(x)dz <Dy , VxeX

t—eot

where pQ _ (7) isthe state transition (direct or indirect) probability from state x to X' in atime period of zunder
policy . Dy and D, are performance constraints for the high priority queue and low priority queue.

B. Thelinear programming approach

If the delay constraint for the power management system is an active constraint [19], generally, the optimal power
management policy will be a randomized policy [15]. The randomized optimal policy can be obtained by solving
a linear programming problem. In this section, we first introduce how to solve the unconstraint continuous-time
Markov decision process using a linear programming approach and then show how to apply this linear
programming approach to our constraint power-management problem.

First we introduce the definition of some variables that are used to measure the Markov process. Let t; denote the
time that the system needs to switch from state i to state j. Q;(t) denotes the probability of the event that the next
observed state is state j and that state j is observed no later than time T+t, given that state i is observed at time T.
We know that Q;(t) isthe probability that t; isthe smallest among all t; and t;; is less than t, where | is the possible

next state of statei. We use ti?‘ and QI?‘ (t) to denotethe values of t;; and Qj(t) when action g is taken.

Proposition 5.1 If t; follows exponential distribution f (tjj) = oj; e it jeJ, (J is the set of al possible next
- 2oyt
states of statei), then Q” ) =0jj 1-e'= ) Yoy -
led

Let r-a" denote the expectation of the time that the system will bein statei if action a is chosen in this state; then

=Xy tdQIJ (t), and J isthe set of al possible next states of i. It is easy to show that, in a Markov process,
jed

& =1/ y a, . Let p ' denote the probability that the next system state is if the system is currently in state i
jed

and action k is taken; thus piJ QIJ (e0) . In aMarkov process we have pa1 —aa‘ / 2 ofi . Let % denote the

expected cost of the system during the time it staysin state i and action a; istaken; thus

7 =Gt + X gipy (5.1)
jed

Let xiai denote the frequency that the next state of the system will be i and action & will be taken if we take a

random observation of the system. Then xiai z'ia" is the probability that the systemisin state i and action g; is taken

in a random observation, which is also caled state-action probability. We know from the definition that
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pd =x¥ | x| pf= TxfcH  and ¥ X xN 7Y =1. We also know that if a Markov process is
aeA Qe ieS e A
stationary, the input rate to each state needs to be equal to the output rate from that state [15]. That means

Ta X' ~ZjZa X Pjl =0.

For a given policy, if we know that the resulting Markov process is irreducible, Theorem 5.2 shows that we can
use the variables x and yto calculate the limiting average cost.

i 3,3 N
Lemmab5.1 GivenaMarkov process, > > X 7" = 2P/ G
i€eS aeA ieS

Lemma 5.2 If the Markov process is irreducible, there exists a Cgyq,Ci'ayg =Cayg VieS. Furthermore,

A
> piﬂcipi = C(:{vg :
ieS

Theorem 5.2 If aMarkov processisirreducible, then > Y x% 7% =Cl%,\y VieS.

€S aeA
With the above-mentioned variables and their characteristics, we can write the linear programming as [15]:
LPL: Minimize . Q. zai X)L acA (5.2)
subject to Z% X —ijaj x(Ipjl =0 ieS (5.3)
SiTe X7 =1 (5.4)
x>0 dli,a (5.5)

Since the action in each state is unknown in the Markov decision process, in general cases, we cannot guarantee
that for every possible policy the resulting Markov process is irreducible. For those resulting Markov processes,
expression (5.2) may not be equal to their average cost because Theorem 5.2 is no longer applicable. However we
have the following theorem:

Lemma 53 [15] Let {x%} be a besc feasble solution to LPL Then set E={i,¥, x* >0.
F={(.q): xiai > (0} identifies aunique ergodic chain, and expression (5.2) isthe cost rate for this chain.

Theorem 5.3 [15] LP1 isfeasible and bounded. The positive variables in its optimal solution identify the states of
an ergodic chain whose cost rate is minimized over all chains.

In our power management system, we set constraints on the action sets so that the Markov process model of the
resulting power management system contains only one ergodic chain. Therefore, expression (5.2) gives the cost
rate for the entire system, and the solution of LP1 identifies an optimal policy.

In our case, we add the delay constraint to the linear program, and formulate it as.

LP2: Minimize ., Q. Zai Xt c_ pow™) (5.6)

subject to Z& X —ijkx?i pi =0 ieX (5.7)
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SiTa%r =1 (58)

xH >0 dli,a (5.9)
Y Ya X c_hsq? <Dy (5.10)
i Ya Xc_lsg <DL (5.11)

InLP2, c_ powiai , c_hszqiai , and c_Isqiai denate the power consumption of the system, the high priority request
waiting cost, and the low priority request waiting cost during the time it stays in state i and action a istaken. They
can be calculated based on (5.1): c_pow = pow -z +3;ene; - pi?" , c_hsg® =hg -z, and

c_Isqiai =g -z'ia" . Dy and D, are performance constraints for the high priority queue and the low priority queue.

If constraints (5.10) and (5.11) are implied in constraints (5.7), (5.8), and (5.9), (i.e., they are inactive constraints),
the resulting optimal policy must be a deterministic policy. Otherwise, the resulting optimal policy will be a
randomized policy.

C. The nonlinear programming approach

Because a randomized policy may be undesirable in some applications, we are interested in finding the optimal
determinigtic policy instead of the optimal randomized policy. In a deterministic policy, for each state i, there is

one and only one Xf“ , &€ A, which is non-zero. Therefore, we can formulate the problem of searching for an

optimal deterministic policy into a nonlinear program NLP1, which has a polynomial objective function and a set
of linear congtraints. In NLP1 A isan arbitrary large number.

NLP1: Minimize . (A > . W XX+, 2, X"C_pow)
subjectto " x —ija_ X pji =0 ieX

Zi Zai Xiai Tiai = 1

x* >0 dli,a

Zi Za. x'c_hsg* <D, , Zi Z@» x'c_lsg* <D,

There are specific algorithms to solve this kind of nonlinear programming problem. A classica agorithm is the
feasible direction algorithm, which can be found in [16].

D. The branch-bound approach

Another way to find the optimal deterministic policy is to use a branch and bound approach. In a power
management system, making different decisions in one system state has a significant effect on the power and
performance of the system. For example, given two policies, the first one chooses action “Go_busy” when the
server is idle and there is 1 waiting request. However, the second one chooses action “Go_sleeping” when the
system is in the same state. No matter how the actions are chosen in the other state, the best performance of the
system using the second policy will be worse than that of the system using the first policy, because there is always
at least one request waiting in the queue. This observation is the root cause of the efficiency of the branch and
bound algorithm.
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The optimal deterministic power-management policy decision tree is a full tree with X levels, where X is the
number of states in the controllable Markov process. Each node in level x has A, child nodes, where A, is number
of available actions in state x. Therefore for each leaf in the decision tree there is a corresponding deterministic
power-management policy. We will search for the power-optimal performance-constrained policy based on this
decision tree by using a branch and bound algorithm.

For each internal node in the decision tree, there is a partial-decision problem with the same constraints and
objective as the original problem. We call it a partial-decision problem because its variables are a subset of those
of the origina problem. We can find an optimal randomized policy for this partial-decision problem using a linear
programming approach. The power consumption of this policy is alower bound on the power consumption of all
policies in this branch. We define the lower bound operator as finding the optimal randomized policy for the
partial decision problem; similarly, we define the prune operator as comparing the power consumption of that
randomized policy with that of the best deterministic policy we aready have. If the lower bound operator yields a
solution that consumes lower power then the best deterministic solution found so far in any branch, then we
continue with this branch; otherwise, we prune the branch. Furthermore, if we cannot find a policy that satisfies
the performance constraint for the partial-decision problem, then we also prune the branch.

E. The policy iteration approach

The policy iteration algorithm is widely used in searching for an optimal policy without constraint [17]. It starts
from a set of randomly selected actions for each state that is called the “initial policy.” It then calculates the
expected cost of the system under this policy, which is called the “reference cost.” Using this reference cost, by
some cal culation we can find a new policy that has alower cost than the initial policy. The processisiterated until
the resulting policy cannot be improved further. Because of the mathematical nature of the policy optimization
problem, this smple greedy algorithm yields the provably optimal solution. Experiments show that the “policy
iteration” technique is a fast technique. For a system with 23 states and assuming that three commands are
available for each state, the “policy iteration” algorithm can find out the optimal solution within 4 iterations.
However, the policy iteration approach cannot be directly applied to the problem of constrained optimization. We
make some modification to this approach.

We first consider the power-managed system with only single priority SQ. We define a joint cost as a weighted
summation of the power and delay costs:

joint_cost® =c_ pow3x +w-c_ sq, (5.12)

where ¢_ pow denotes the average power consumption when the system is in state x and action a, is chosen,

C_sGx is the number of waiting requests in the SQ when the systemisin state x. Let x be denoted by (s, ¢), where

s S, geQ. Using Eqgn. (2.5 the power cost can be calculated as.

c_ pow;'i‘X =pow(s)+ X oOsg(ay)ene(s,s’). The delay cost is: c_sg=i. We start from a randomly selected
seS,s#s

weight w. Then we find a policy that has optimal joint_cost using the policy iteration algorithm. If the delay of

this policy is approximately same as the given constraint, then we report this policy; otherwise, we increase or

decrease the weight and continue searching using the new weight value.

This modified policy iteration algorithm is a heuristic algorithm. For a certain performance constraint, it may not
find the policy that consumes the minimum power. However, we show later that its output policy is one that
consumes minimum power among a class of convex policies that satisfy the performance constraint. We first give
the definition of an effective policy and a convex policy:

Definition 5.1 An effective policy is a policy that consumes the minimum power compared to other policies that
have the same or better performance.

Definition 5.2 We sort al the policiesin the increasing order of their resulting power consumption and denote the
power and delay of each policy p; by pow; and delay;. A policy p; is aconvex policy if it is an effective policy and
(delayi—delay;)/(pow,—pow;)<(del ay—delay;)/ (power;—pow), Vj, j>i and VI, I<i.
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Compared to the policies that consume less power, a convex policy has a better power-delay tradeoff (smaller
ratio of increasing delay to the decreasing power). Figure 5 gives an illustration of a convex policy and an
effective policy. In that figure, policies a, b, c, d, e are all effective policies. However, policy c is not a convex

policy.

A
Power

=Delay
Figure 5 Exampleto describe palicy types.

Theorem 5.4 The output of the modified policy iteration algorithm is a policy that consumes the minimum power
among the class of convex policies that satisfy the performance congraint.

In a power management system model with multiple priority queues, the following cost function is used:
cost)* =c_ powsr +w, -C_lsg, +w,-Cc_hsg,. By adjusting both of the weight coefficients wy, w,, we can
find the convex policy.

The policy iteration agorithm can be used as a fast algorithm to perform on-line policy optimization when system
parameters change at runtime because it finds the optimal policy based on the previous optimal policy. It is more
efficient than the branch and bound agorithm as well as the NLP approach which starts solving from the very
beginning.

VI. Experimental results
Experiments have been designed to examine the performance of our system model and optimization method.
A. A power-managed system with a single service queue

In this experimental setup, the service requestor (SR) is implemented as an input trace file that stores the time
instances when the disk drive read/write requests arrive. The service queue (SQ) and service provider (SP) are
implemented in the event-driven simulator. The power manager (PM) is also implemented in the simulator that
controls the state transition of the SP based on the policy it reads from the user-specified input file. Q, the
capacity of the SQ, is set to 20.

We will use two abstract models of the SP for the Fujitsu disk drive [24] in the experiments, which are shown in
Figure 6.

When the SPisin the “sleep” and “standby” states, it is inactive, and therefore no request can be serviced. When
the SPisinthe“idle” state, the SPis active; however, it is not working on any requests, which means that the SQ
is empty. The SP makes a transition automatically from “idle” to “busy” whenever a request arrives for service.
Similarly, the SP makes a transition automatically from “busy” to “idle€” whenever it finishes the service for a
regquest. The transitions between the “sleep,” “standby,” and “idle” states are controlled by the PM, i.e., the DPM

policy.
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Figure 6 Three-state and four-state SP models.

The average power consumption and service time (time to finish a read/write operation) for each state of the SPis
shown in Table 1. The average energy consumption values for the SP to make transitions among the various states
are shown in Table 2. The average transition times for the SP to make transitions among the various states are
shown in Table 3. The datais obtained from [24] and [21].

Table 1 Average power consumption values and service times of the SP.

Stae 13 g %1’ 13 gandbyﬂ 13 Idle” 13 buwﬂ
Ave. power (W) 0.13 0.35 0.95 2.15
Ave. service time (s) 0 0 0 0.008

Table 2 Average energy consumption valuesfor statetransition of the SP.

Ave. energy (J) “deep” “standby” “idle” “busy”
“dleep” 0 51 7.0 -
“standby” 0.006 0 -
“idle” 0.067 0.001
“busy” - -
Table 3 Averagetransition timesfor state transition of the SP.
Ave. transition time () “deep” “standby” “idle’ “busy”
“deep” 0 0.6 16 -
“standby” 0.3 0 12 -
“idle” 0.67 0.4
“busy” - -
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We have used five different distributions for the request inter-arrival time. They are:

1. Exponential distribution. This is the key assumption made by the continuous-timed Markov decision process
(CTMDP) approach. For the CTMDP policy to be optimal, the request inter-arrival time must follow
exponential distribution. In many research works related to hard drive performance, it isfound that the request
inter-arrival time follows the exponentia distribution

2. Combination of the exponential and Pareto distribution. This combination is tried because of the observation
made in [21]. The Pareto distribution has a density function: f(t)=1-at®. Compared with exponential
distribution, it models an input sequence that shows more bursts.

3. Combination of two exponential distributions. We are using this distribution to approximate distribution 2.
4. Uniform distribution.

5. Normal distribution.

We have used two different distributions for the state transition time of the SP. They are:

1. Exponential distribution. This is another assumption made by the CTMDP approach. For the CTMDP policy
to be optimal, the SP transition time must follow exponential distribution.

2. Uniform distribution. This distribution is proposed and used by the authors of [21] in their work.

The mean values we used for these distributions are shown in Table 3. The deviation for the uniform distribution
isset to 0.1s, which is again observed in [21].

The policies we have used in thiswork are asfollows:

1) The*"time-out” policy

The “time-out” policy has a single parameter T This policy can only be used for the three-state system model
shown in Figure 6 (a). Under the “time-out” policy, the PM switches the SP from “idle” to “deep” after the SP
has been in the idle state and the SQ has been empty for a time period of T,y the PM switches the SP from
“deep” to “idle” immediately after arequest has arrived.

In our experimental setup, we have used different values of T, to study the performance and power
characteristics of the “time-out” policy.
2) TheN-Policy

The N-policy has a single parameter N, which must be smaller than the capacity of the SQ, Q. Similar to the
“time-out” policy; this policy is only applicable to the three-state system model. Under the N-policy, the PM
switches the SP from “idle” to “Seep” immediately after the SQ is empty; the PM switches SP from “deep” to
“idle” only after there are more than N requests waiting in the SQ.

In our experimental setup, we have used different values of N to study the performance and power trade-offs of
the N-policy.
3) The*alwayson” and“ greedy” policies

The “aways on” policy can be regarded as a special case of either the “time-out” policy when T, is infinity, or
the N-policy when N is zero. Asindicated by its name, the “aways on” policy never turns off the SP.

The “greedy” policy can be regarded as a special case of either the “time-out” policy when Ty is zero, or the N-
policy when N is one.

4) The CTMDP policy
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The CTMDP policy is applied to both the three-state model and the four-state model in Figure 6. Given any
performance constraint, the power-optimal CTMDP policy can be calculated by solving alinear program.

In our experiments, a series of CTMDP polices were generated for different performance constraints. The
CTMDP policies were applied using both the three-state SP model and the four-state SP model. Then the
simulator and real traces were used to eval uate this policy in real applications.

5) The 3CTMDP-Pall Policy

Because the CTMDP policy is a randomized policy, at times it may not turn off the SP even when there is no
request in the SQ. If our stochastic model exactly represents the system behavior, then this policy is optimal.
However, in practice, because the stochastic model is not accurate enough, the CTMDP policy may cause
unnecessary energy dissipation by not turning off the SP. For example, the real requests pattern on the SP may be
quite different from what has been assumed in theory, and the SP idle time may be much longer than we expected
based on the assumption of exponential input inter-arrival time. In this case keeping the SP on while it is idle
wastes much power. We need to put some mechanism in place that will prevent such a casein real applications.

Based on the original description of the CTMDP policy, we have designed a modified CTMDP policy by adding a
polling state. The functionality of the polling state is very simple. After adding this state, if the CTMDP policy
alows the SQ to stay on when the SQ is empty, the policy will re-evaluate this decision after some random-length
period of time. For example, if the SQ is empty and the PM has made a decision (with probability of 0.1) of
letting the SQ stay on, then after 2s, if there is no change in the SQ, we enter the polling state, and the PM has to
re-evaluate its decision. At this time, the probahility for it to still let SQ remain on is again 0.1. So as the time
goes on, the total probability of the SQ remaining on reduces in a geometric manner. In this way, we can make
sure that the SP will not be idle for too long, resulting in less wasteful energy dissipation. We name this modified
policy the 3aCTMDP with Polling (SCTMDP-Pall) policy and implement it in our experiments based on the
3CTMDP policy.

We use the average number (#) of waiting requests in the SQ as the performance metric and the average power
consumption (W) as the power metric.

The comparisons of performance-power trade-off curves for the DPM poalicies for all the combinations of SP state
transition distribution (TD) and request inter-arrival time distribution (RD) are shown in the following figures. In
the legends of the figures, “3CTMDP’ means CTMDP policy using a three-state SP model and “4CTMDP’
means CTMDP policy using a four-state SP model. The X-axis gives the performance value, which is represented
by the average number of waiting requests in queue. In al the figures, the X-axis is given in logarithmic scale.
The Y-axis gives the system power consumption.
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From above figures we can see that:
1. In most situations, the stochastic policies out-perform the heuristic policies.

2. The stochastic policies provide a good power-delay trade-off. We can aways trade performance to reduce
power. However, the heuristic policies such as the time-out policy cannot provide a valid power-delay trade-
off. In al experiments, decreasing the time-out threshold increases the average latency for the request.
However, decreasing the time-out threshold does not necessarily decrease the average power consumption.
With the decrease of the time-out threshold and the increase of the average request latency, the system power
consumption first decreases then increases. In these experiments, there is an optimal time-out threshold under
which both the average request latency and system power consumption are minimized. However, there is no
formal way to find out this optimal threshold.

3. The Three-state CTMDP policy is not efficient with input sequence with Exp. & Pareto inter-arrival time
because our stochastic model does not give as accurate a representation of the rea system. However, the
3CTMDP-poll policy solves the above problem. The 3CTMDP-poll policy works almost as well as the four-
state CTMDP.

4. Four-state CTMDP is robust in different TD and RD distributions. This means that if the device can provide
us with more operation modes of different performance and power consumptions, the CTMDP poalicy can
explore these modes to make itself an always-robust DPM policy independent of the distribution of request
inter-arrival time or the distribution of SP transition time.

B. A power-managed system with a priority queue

In this setup, we call our algorithm CTMDP palicy.

B.1 Comparison of the CTMDP policy with heuristic policy

In this experiment, we will present the comparison of the CTMDP policy and the heuristic policies including
greedy policy and time-out policy and show that our policy consumes less power than the heuristic policies.

The system model used in this part includes:

An SP model that is the same as in Example 3.1 except that it has only one busy state, busy;, and one idle state,
idle;.

An SR model with two states r; and r,, Gsr(r1,r2)=1/200, Ger(r,,r1)=1/400, A4(r1)= /30, An(r1)=1/50, A4(r,)= 1/60,
An(r2)=1/90.

An SQ model with an LSQ of length 3 and an HSQ of length 2.

We compare the CTMDP policy with the “greedy” and “time-out” policies.
Two different traces of requests are used for simulation:

1. Requests are generated to exactly follow the SR model.

2. Requests are generated to follow the SR state transition rate between r; and r,. However, in state r,, the inter-
arrival time of low-priority requests follows the uniform distribution (compared with the exponential distribution
in trace 1) with mean value 1/4(r;)=30, the inter-arrival time of high-priority requests follows the uniform
distribution with mean value 1/4(r1)=50. In state r,, the inter-arrival time of low-priority requests follows the
uniform distribution with mean value 1/4(r,)=60, the inter-arrival time of high-priority requests follows the
uniform distribution with mean value 1/ A(r»)=90.

In both cases, we simulated the heuristic policies to get the average delay of the low priority and high priority
requests. We then use these delay values as the delay constraint and searched for a randomized CTMDP policy
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using linear programming. Finally, we simulated the CTMDP policies and compared the power and delay value
with that of the heuristic policies.

Table 4 Comparison with heuristic policy with input trace 1.

Heuristic Policy LP-based CTMDP policy
Name of policy P (w) D, Dy, P AP (%)
Time-out policy t,;=20 1.665 0.399 0.143 0.942 43.43
Time-out policy t,;=40 2.080 0.232 0.118 1.156 44.42%
Time-out policy to=60 2.244 0.183 0.104 1.865 16.89
Greedy policy 1.303 0.151 0.255 1.067 18.11

Table 5 Comparison with heuristic policy with input trace 2.

Heuristic Policy L P-based CTMDP Policy
Name of POllcy P(W) D Dn P(W) AP D AD, Dy, ADy,
(%) (%) (%)

Time-out policy t,,=20 | 1.515| 0.439 | 0.121 | 1.121 | 26.0 | 0406 | 751 | 0119 | 1.7
Time-out policy to=40 | 2071 | 0.243 | 0.097 | 1.674 | 19.2 | 0227 | 6.6 | 0.094 | 3.1
Time-out policy t,=60 | 2.242 | 0.151 | 0.085 | 2142 | 45 | 0.149 | 1.3 | 0.083| 24

Greedy policy 1655 | 0.227 | 0.137 | 1522 | 80 | 0.169 | 256 | 0.107 | 21.9

Table 4 and Table 5 present the comparison results by simulation. Columns P, D, and Dy, give the power, low
priority request delay, and high priority request delay for each power management policy respectively. Columns
AP, AD,, and ADy, give the CTMDP policy’s improvement in power, low priority request delay, and high priority
request delay. The values are simulated using a commercial stochastic activity network analysis tool: UltraSAN
[20]. The conclusions we have from these experiments are as follows.

If the inter-arrival time of the input requests follows exponentia distribution, the CTMDP policy saves more than
30% power on average over heuristic methods while keeping the same delay for both the high priority and low
priority requests.

If the inter-arrival time of the input requests follows uniform distribution, the CTMDP policy cannot exactly meet
the delay constraint. It saves about 14% power on average, and at the same time it reduces the delay of low
priority regquests by about 10% and reduces the delay of high priority requests by about 7%.

Further reductions can be achieved using the CTMDP method if we increase the delay constraint. In other words,
the CTMDP method can make different power-delay trade-offs by changing the delay constraints. Little can be
done by the heuristic method.

The CTMDP method can perform optimal management for a complex system, while the heuristic methods can
only perform simple management such as turn-on and turn-off.

The CTMDP method can adjust the optimal policy when workload characteristics change, while the “greedy” and
“time-out” methods are not adjustabl e to workload change.

We did not compare the DPM method with the predictive method, because in our experiments the inter-arrival
time of each requests are assumed to be independent. Therefore, the predictive method is not applicable.
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B.2 Comparison of the CTMDP policy with the N-palicy

In this section we will show that the CTMDP method is powerful in finding power and delay trade-offs. When the
server has only two states, active and deeping, it can easily be shown that the N-policy gives the minimum power
compared to other stationary policies with the same performance constraint. Our experiments show that, however,
for a system with more than two server states, the N-policy does not give the optimal power-delay trade-off. In the
experimental results, we will present the comparison of our policy and the N-policy and show that our policy is
more efficient in finding power and performance trade-offs than the N-policy.

In this experiment, the system model includes:
An SP model that is the same as that in the previous experiment.

An SR model with only one state r, A(r)= 1/20, and the inter-arrival time of each request follows exponential
distribution.

An SQ model with an SSQ of length 5

Table 6 gives the result of the comparison of our policy with the N-policy, where N varies from 0 to 5. The result
shows that there is always a randomized policy that has the exact delay as the N-policy and consumes less power
than the N-policy. The deterministic policy consumes more power than a randomized policy; however, it is till
more efficient than the N-policy. Furthermore, the N-policy in this experiment only gives five different policies.
However, a randomized policy can find power optimal policy under any delay constraint, which is achievable.
Therefore, our algorithm is more flexible and effective.

Table 6 Comparison of our policy with the N-policy.

N-policy Randomized-policy Deterministic-policy
N Power | Delay | Power | AP(%) | Delay | AD(%) | Power | AP(%) | Delay | AD(%)
5 0.860 2.346 0.754 12.3 2.304 18 0.754 12.3 2.304 18
4 0.944 1.933 0.802 150 1.933 0 0.8107 141 1.869 33
3 1.045 1.483 0.861 38.7 1.483 0 0.869 16.8 1.425 39
2 1.216 1.027 0.952 20.9 1.027 0 0.966 20.6 1.005 21
1 1.623 0.608 1.160 285 0.607 0.2 1.213 25.3 0.606 0.3
0 2.3 0.332 2.3 0 0.332 0 2.3 0 0.32 0
VII.  Conclusions

We have proposed a new system model and method for dynamic power management at the system-level. The
problem of system-level power management was formulated as an optimal policy selection problem based on the
theories of continuous-time Markov decision processes and stochastic networks. Compared to previous works, we
introduced a new and more complete model of the system components as well as a model of the whole system.
The proposed mathematical framework captures the characteristics of the real applications more accurately
compared to the models proposed by previous researchers. This is mainly because we solve the problem in a
continuous-time domain while previous authors solve the problem in a discrete-time domain. We have aso
proposed CTMDP-Poll techniques, which are better than the DTM DP-based techniques and the simple CTMDP-
based techniques in all cases. Furthermore, we have used a priority queue model, which is more general and
adaptable to real applications.
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In the examples and the experimental results included in this paper, we have assumed that the system contains a
single SP. Therefore, al the requests in the SQ are targeted for that SP (which means that they have an identical
type). However, please note that this does not mean that all the requests pose the same amount of work load to the
SP. The difference in the request work loads is captured by the exponentially distributed service time in the
model. More generally, our mathematical framework can handle systems with more than one SP, and therefore,
service reguests of different types can be handled. In this case, we have to create multiple SQs, one for each type
(or class) of service requests. There will also be a compatibility relation describing what type of requests can be
serviced by which SPs. This adds complexity to the problem but is quite manageable within our proposed
mathematical framework.

A shortcoming of our CTMDP-based technique is that it is very difficult to use the model when attempting to
represent complex systems that consist of multiple closely interacting SPs and must cope with complicated
synchronization schemes. In this case, we need to use the modeling techniques based on the theory of generalized
stochastic Petri Nets (GSPN). Finally, in real applications, the inter-arrival time of service requests may not
follow an exponential distribution. Although our experimental results demonstrate that, in practice, our method
remains effective for a wide range of distributions, it is still desireable from atheoretical point of view to develop
a new mathemnatical framework where arbitrary distributions can be easily handled. Again this problem can be
solved by using the “stage method” (a series-paralel connection of exponentially distributed sources) based on
the GSPN framework. However, GSPN is not in the scope of this manuscript.
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