DINCON'09 T
8" BRAZILIAN CONFERENCE ON DYNAMICS, ‘ﬁg%

CONTROL AND APPLICATIONS ’.
MAY 18-22, 2009

MODELING, ESTIMATION AND CONTROL FOR POWER MANAGEMENT IN EM  BEDDED
SYSTEMS

Saulo O. D. Luiz,_Antonio M. N. Lim&ngelo Perkusich

Departamento de Engenharia Elétrica
Centro de Engenharia Elétrica e Informatica
Universidade Federal de Campina Grande
58.429-970 Campina Grande, PB, Brazil
{saulo, amnlima, perkusic}@dee.ufcg.edu.br

Abstract: Energy éficiency is one of the key challenges for plied at design time, such as synthesis and compilation for
a large class of electronic systems. Power savings are-posgw power consumption. The dynamic techniques, named
ble because electronic systems generally have an idle stateynamic Power ManagemeiDPM), allow power reduc-
when, for example, the processor can run in a low powetion at runtime by shutting down or reducing operation fre-
state. Thus, the correct estimation of the transition probaquencytension of idle system components. For a given de-
bilities and the workload model are essential in the degisio vice, apower manage(PM) monitors and controls the power
of which and when a power state transition should be perstates of the components and of the system through a proce-
formed by the electronic system. This paper introduces dure named power management policy [2].
feedback control policy for dynamic power management in  During operation, the system experiences idle and busy
non-stationary environments. The design of this feedbackeriods of time due to its workload. To optimize power con-
policy is discussed and its comparison with the policy thasumption reduction, the power management policy must con-
is obtained by solving a linear programming problem for asider a workload model, what can be achieved by modeling
given performance and consumption constraints is also pré-as an stochastic process. However, in real-life systéims t
sented. Exploiting feedback control concepts in power manworkload cannot be pre-characterized due to its nonstation
agement systems leads to a relatively simple solution that aarity. To better understand this problem, let us consider a
lows real-time adjustment of performance and consumptiogeneral purpose processor. The combination of application
constraints. The preliminary results were obtained withlar running on such system may strongly vary the workload, de-
atively simple proportional and integral controller whishs  pending on what is being executed. Moreover, the workload
designed such that the closed-loop should track a given avemay drastically change during the day, or over the days of
age request loss. These results are relatively better kiean tthe week, or even betweernfidirent users [2].
ones obtained with the policy derived from the linear pro- Benini et al. [4] have proposed a stochastic solution for
gramming formulation. power management using discrete time Markov decision pro-
. . cesses for stationary workloads. An exact solution from-a li
Keywords: Power management, Markov chains, Parameter . . .
S ear programming problem has bee derived directly from the
estimation, Feedback control. T ;
optimization problem of the power policy. Chung et al. [2]
1 INTRODUCTION introduced an gdglptive energy optimizationtechniquem ha
dle workloads initially unknown or nonstationary by means
In the past years, mobile embedded systems such as mef fixed size sliding windows to estimate the parameters of
bile phones, internet tablets and personal digital asgsta the workload [2]. The optimization problem consists of the
(PDASs) have increased power consumption due to new cahoice of a power policy which minimizes the expected con-
pabilities such as faster processors, cameras, LCDs, rletwasumption under a performance penalty constraint. An op-
interfaces, etc. This has become a critical problem on fyatte timum power policy is able do reduce power consumption
powered mobile devices due to the fact that the capacity ofvhile still satisfying the performance penalty constrainat
batteries has not increased as fast as power consumption ig; the policy which degrades the system performance up to
quirements [1, 2]. Therefore, improving the lifetime of the an acceptable level (the performance penalty constraint),
battery through ficient energy use has became one of thehe one which minimizes power consumption. However, the
key challenges to the design of embedded systems. solution of the optimization problem in [4] is not guaran-
Power consumption reduction techniques are classified dsed to provide the performance penalty constraint foryever
static and dynamic [3]. The static techniques are those apvorkload, and therefore, may noffer optimal energy sav-



ings. Thus, power policies using stochastic models may bmeans of dynamic voltage scalinB\{(S). The input to the
considered an open-loop control system, because they do naintroller is the bffer occupancy information and the output
adjust the actual performance penalty to the reference peis the frequenciyoltage decision. If the number of frames in
formance penalty constraint. The optimal solution strgngl the bufer is less than a lower threshold or more than a higher
depends on the quality of the model used to derive the sdhreshold, then the feedback controller is used to pull back
lution, i.e. the parameters of the stochastic model and th#ne number of frames to the desired region.

knowledge of the workload. If the performance penalty con- Minerick, Freeh and Kogge [10] have implemented for
straint changes during operation of the power-managed sytie Linux operating system a feedback mechanism named
tem, then there are two possible solution$:tife optimiza-  energy conservatigrwhich controls the frequency and volt-
tion problem must be solved on-line, what in not practical,age of the processor of a battery-powered system to insure
because this demands a considerable energy and filner, ( that the energy in the battery meets or exceeds a reference
the optimal polices must be pre-computed at design time anehlue of energy at a specified time in the future. The main
stored a memory, what demands considerable memory spaackawback of this technique is that the performance may be
These limitations of stochastic solution [4] justify theaseh  reduced below acceptable levels because energy conserva-
for other solutions for power management. tion is more critical.

Wang et al. [5] developed feedback algorithms for the In this work, we combine thBlarkov chain modebwhich
power management of a group of servers by using frequen@ccurately models the stochastic behavior of the power-
scaling. The algorithms are targeted both ffiroeency and managed system, arfieedback contrglwhich afers simpler
power capping, to deliver a good tradé-between power control laws and has the ability of adapt itself at run-time.
capping, €ficiency, and application performance. The ef-This approach is based on the assumption that it is possible
ficiency algorithm is designed using an integral controllerto approximate the stochastic behavior of the power managed
where the input is the observed error in utilization of a serv system by a discrete-time dynamic model.
and the output is the clock frequency. The power capping al- This paper is organized as follows: In Section 2, the sys-
gorithm is also designed using an integral controller, whertem model using discrete-time Markov chains is reviewed. In
the input is the error between the power budget of the serve3ection 3, the problem of workload identification is empha-
and the actual consumption, and the output is the clock fresized. The discrete-time Markov chains model is extended
qguency. to a battery-aware technique in Section 4. In Section 5, the

Sridharan, Gupta and Mahapatra [6] introduced algoproposed feedback control power management policy is in-
rithms to perform power management of real-time embeddettoduced. Then, in Section 6, a comparison study of power
systems and to preserve the overall system reliability.& pr management policies is performed. Finally, in Section 7 the
portional feedback controller is used to assess the additio features of the proposed policy are summarized and the di-
number of copies of a job to ensure the reliability constsin rections for future research are outlined.
at run-time.

Ogras, Marculescu and Marculescu [7] have divided &2. STOCHASTIC APPROACH FOR POWER MAN-
network-on-chip (NoC) into multiple voltage-frequency is AGEMENT
lands, which are interconnected by queues. A state-space

model of the queues occupancy is derived from the utilizatio (DPM) approach described in [2] and [4]. Both approaches

of the inter-domain queues by the voltage-frequency island are based on stochastic models. The techniques which han-
Feedback controllers are designed to control the speed %{ )

. : e unknown nonstationary workloads introduced in [2] are
each voltage-frequency island by means of dynamic voltage- . .
. S extensions of the system model presented in [4].
frequency scaling to maintain the queues occupancy atrefer
ence levels. 2.1. Policiesfor stationary workloads
Tian et al. [8] developed a control design methodology The power managed system is modeled aseavice
for power management by means of dynamic voltage Sca“ngrovider (SP with a power manager(PM). The service
(DVS). Their methodology is tailored for embedded micro- ‘

: rovider processes the requisitions from a unisevice re-
processors that run a known set of real-time control tasks. .
. . . ... quester(SR, and has several power states, each one with a
An analytical model is derived for the system considerin : o ;
L . ervice rate and a specific power consumption level. Thus,
the worst-case execution time of the real-time controldask )
the service requester represents the workload of the system

and the controller is designed using feedback control the-

ory. The power manager is composed of a proportional‘:’md there is @ervice queuéSQ that stores requests which

. . . . have not been serviced by the service provider yet because
integral controller, where the input is the error in proogss ) : :

N . the latter is busy or has zero service rate. This system model
utilization and the output is the processor frequency. tUnfo is shown in Fia. 1. The components are modeled as station
tunately, the output of the controller is a continuous value . 19. 1. P . .

) . ry discrete-time Markov chains. Two basic assumptions are
whereas real-life processors only have a limited number of. ST . : T
i) the requests are indistinguishable, with no service gyiori
voltaggfrequency levels, and(ii) the service queue has finite size. The power manager
Lu, Lach and Stan [9] addressed the problem of powe 9 : P 9

management of a system running video playback. &dsu {akes decisions with respect to the service provider based o

was placed between the decoder and the display, and a prtcf)1_e history of the service provider, the service queue aed th

portional integral controller adjusts the decoder's spegd service requester, and issues commands to change the power

In this section we review the dynamic power management
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Figure 1 — Components of the system model of DPM in known
stationary environment.

state of the service provider. The time is considered discre
t = 0,12, ... The interval between two consecutive values
of time is namedime slice

Definition 1 A service requester (SR) is a pdiMsr Z(r))
where:

e Msris a Markov chain with state seR = {ri,|i =
0,1,...,(R-1)} and transition matrix>SR where R is
a positive integer;

e Z(r) is a function z R — N which represents the num-
ber of requests issued per time slice when the SR is i
state r.

The probability that the service requester is in statis
pj = lime P[sf(t) =rj|. Forthe case of a stationary ser-
vice requester with two states, the expressiongdandp,
are shown in (1) and (2) respectively. As shown in Fig 2,
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Figure 2 — Probability p; that a service requester with state set
{ro,r1} be in statery.

e (s a) is a function ¢c: S x A — R, which represents
the power consumption associated to the stateSsand
the command & A, i.e. the consumption (in arbitrary
units: W, A or J) of the SP in the present time slice.

Definition 3 A service queue (SQ) of length-Q1 is a sta-

tionary controllable Markov chaitMs (@, s, r) with state set

Q
sition matrixPSY(a, s, r). The transition probabilities are de-

={q,i =0,1,...,(Q-1)}, control setAx SxR and tran-

fined in (3).
n 1-b(sa), ifj=i+zr)and
O<i+2zr)<Q
b(sa), ifj=i+2zr)-1land
0<i+z(r)-1<Q
SQ —
Pag(@sr) = 1, ifj=i=0andZr)=0
1, ifj=Q-1land
i+2(r)>Q
0, otherwise

the probabilityp; that the service requester is in statds a
function of both the transition probabilitigs and 7R .
The greater the probability;, the more intensive the work-
load is, because the probability that a request is issued at
given time slice increases.

1-paf,
po = : 1)
2- (pfso,}?o + pl's1,$1)
1-pof,
p1= - 2)
2- (prSo?o + prslerl)
Definition 2 A service provider (SP) is a triple

(Msp(a), b(s, @), c(s, a)) at which:

o Msp(a) is a stationary controllable Markov chain with
state setS = {s,i =0,1,...,(S — 1)}, control setA =
{a,li = 0,1,...,A— 1} and transition matrixPS"(a),
at which S is a positive integer, and A is the number o
commands of the power manager (PM);

b(s, a) is a function b: S x A — [0, 1], which repre-

®3)

a The system stat& = (s r,q) is the composition of the
states of the service provider, service requester andcgervi
gueue respectively. Thus, the system has statd setS x
RxQwith X = S-R-Q states. The commar@ito be issued by
the power managePM) is a random variable with discrete
probability distributions® = (pa,, Pa,» . - - » Pas ,), Named the
decision of the power manager, which assigns a probability
value p, to each command € A at timet. The policyn
of the power manager is a set of decisi{w@, s, .. ) over
timet=0,1,....

The transition matri¥P(a) of the system when command

a € Xis taken is & x X matrix with each elemergy x(a) as
defined in (4). The transition matrR;. of the system when
the decision® is taken at time is defined in (5). The tran-
sition matrixP,(t) of the system from time O tbis defined

jn (6).

sents the probability of the SP completing the service of

a request in the present time slice, given that the SP i
in state se S and the command a A has been issued;

Pxx(8) = Prob|xj=(s.r’,q)lx =(sr.q).a) =
= PE@PIPGg @ sT) @
s Pso = Z paP(a) (5)

p356(t)



P,(t) = TT'=5Psto (6) the power manager.

PL1: minz Z fraC(X, @) 9)

The system is supposed to be used until a cetiaie e ae
horizon T; that is finite and random, for example, the time @
when the battery discharges. Thus, every transition proba- tal q“ez fxa - fZ Z Pr@)fya = Py, VX € X

bility of the system must be multiplied by discount fac- aet yeX acA
tor 0 < ¢ < 1, and the time horizoW; is modeled ZZ frad(X) < D

as a geometrically distributed random variable with mean xeX acA

E [Tf] = (1-&71 OnceE [Tf] is estimated, the discount fxa>0,Vxe X,ae A

factor;—‘ =1- _1/E£Tf]' Using the dlSCOUﬂF factof, the To solve the linear programming problem, in (9), itis pos-
transition Tatrle,, H (ﬁltheitsystem from time O _td’_ 'S sible to use: the tooPCx [11] or the toollinprog of the

Pr() = 12, (€Pse) = £ T1Z,Pow. Let p(0) be the initial o iz ation toolbox of Matlab [12]; in both tools the al-
state probability distribution of the system at time 0. Thenythm of interior points is used to solve the optimization

the state probability distribution of the system at tiinis problem. The probabilityn, . that the power manager is-

Py = p(Q)P,,(t). i h . sues the commana when the system state jisis estimate
A stationary pﬁ icyr = [6,0,. 'f') uses the samel_dec_lsmn in (10). The probabilitiesn, , are organized in a decision ta-
¢ every timet. The decisions of a stationary policy is a ble M,; as in (11) where the lines represent the system states

function of the system state € X, thus it is denoted by , "\ = '\ ' "anq the columns represent the commands of
dx. The expected consumption of the system in skateX the power managet, ai, ... aa_1. At run time, the energy

?I‘_?]d whefn decisiotiy is tikenf'?ﬁ(x’ 6X)t= Zpaeéxtg’?c(}a_)' policy takes the linéM, of the corresponding to the current
e performance penalty of the system in state X is o co caa. ( Mo M .. M, ) nameddeci-

322 d?r?gd rlesqlljjsezsdien f'g]e: ’qﬁé%jéx) T?eqclcsjr;[gfmnpl{[irgr?earn?jf pesri_on This line represents the probability distribution thag th
formance penalty vectors of decisié@are shown in (7). The bower manager issues the commaniith probability mxa

. when the system state xs
expected consumption and expected performance penalty OP y

the service provider3P at time slicet under a policyr are fra
E.[ cs(t)] = pYc; andE, [ds(t)] = p®ds respectively. Mya = Soon (10)
¢ (X0, ;) d (o) Moa  Moa - Mean,
Maga  Magal .- Mya,
Cs = : ds = : (1) M, = . . . ) (11)
C(Xx,]_, Oy ) d (Xx,l) ' ' : ’
o mXX—lsa() mXxflsal ce mXxflyaAfl

The policy optimizationproblem PO), expressed in (8), Example 1 Consider —a  service  provider  (SP)
consists of the choice of the stationary policyvhich min-  (Ms#(@), b(s, &), ¢(s, &) where: Msp(a) is a stationary
imizes the expected consumption for a given performancgontrollable Markov chain with state sef = {s,s1};

penalty constraint, wher@ is the maximum acceptable per- control setA = {ao, a;}, meaning switch togsand switch to
formance penalty. s1, respectively; transition matri®SP(a) in (12) and (13);

the matrix ¢s, a) in (14) specifies the current consumption
(in mA) of the service provider when in state s and when
command a is issued by the power manager; and the
PO: min, 3% Ex [ cs(t)] matrix b(s, a) in (15) specifies the service rate of the service
such thaty E, [ds(t)] < D (8)  provider when in state s and when command a is issued
by the power manager, i.e., the probability of completing a
request in a time slice. The statghgas greater consumption
o ) ) ) _and better performance than the state s~rom (12) and
The optimization problem in (8) is converted into the lin- (13)  the transition probabilities of the service providee
ear programming problem, in (9) and the result is a stationarmodeled as deterministic, because, in the system modeled
policy, expressed as a matrix, nameecision tablewhich e transition times between the states of the service govi
hasX lines, i.e. the number of states of the system, And gre negligible with respect to the discretization time step
columns, i.e. the number of commands issued by the powgfyr this same reason, the current consumpti¢s & and
manager to the service provider. Each line of the decision tgne service rate (5 a) in (14) only depend on the current

ble is a decision associated to a system state X. Thus,  giate s of the service provider. The Markov chain model of
each element of the decision table is the probability of thgne service provider is shown in Fig. 3.

power manager issuing a commaam@ A when the system

is in statex = (s,r,0). In (9) the variabled,, are named % S

state-action frequencieand represent the expected number PSPlag) = %o [ 1 0 ] (12)
of times the system statexsand the commandis issued by s 1 0
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Figure 3 — Markov chain representing a service provider -SP.

Figure 5 — Markov chain representing a service queue SQ.

A request loss happens if a new request is generated by the

PSP(ay) = 58 il (13) service requester (SR), but the service queue (SQ) is alread
)= % [ 0 1 ] full. The maximum average request los4 @4 whose per-
St formance penalty constraint is £ 0.10T; = 100Q Let E
ao a be a random variable with sample spaf& 1} and prob-
c(sa)= % [ 3187 3187 } (14) ability distribution: pfE = 0) = 1 -b(sa)i.e. E=0
s 2949 2049 when the service provider does not service a request; and
p(E = 1) = b(s a) i.e. E = 1 when the service provider
a0 a services a request. Let e be a realization of E. For each
b(sa)= [ 1 1 ] (15) system state x (s 1, q), the number of pending requests in
S1 0.3125 0.3125 the queue (k) = g i.e. the queue state. Considering the

Now consider a service requester (SR)sr z(r)) with ~ requestloss(k = (s;r,q)) in (21), there is a request loss if
state seR = {ro, r1} with function #r) identifying the number the number of incoming requests plus the queue occupation
of requests that the service requester issues per time slidBinus “one possible request serviced” exceeds the queue ca-
when in state r. For the service requester of this example, weacity Q— 1. In practice, a request loss does not represent
use a one-to-one correspondence between images of z afdeal lack of service, but the undesirable condition of many
service requester states{rg) = 0, Zr1) = 1. The transition ~requests waiting to be serviced [4].
matrix PSRis shown in (16) and the Markov chain model of

the service requester in Fig. 4. 1, ifzr)+gq-e>Q-1

x=(sr.q) = { 0, otherwise (21)
o rq !
PSR=" 1o [ 06 04 ] (16) The optimization problem in (8) is converted into a linear
r 05 05 programming problem in [4] and the solution is the decision

The service queue (SYs(a s r) of length Q= 1 has table shown in (22).

0.4 a

a
0 22 (S0.f0.Qo) ( 05433  0.4567
@ ‘ (S0, 0, 01) 0.3811 0.6189
05 (S0, 1, o) 1.0000 0.0000
(s0.r.q1) | 03253 06747 (22)
Figure 4 — Markov chain representing a service requester SR. (S1. To, Qo) 02748 0.7252
(s1, "0, 01) 1.0000 0.0000
state se = {qo,qu}, i.€., in @ the service queue is empty, (S1, 1. Go) 1.0000  0.0000
and in g the service queue has one pending service request. (S1,r1, 1) 0.3988  0.6012

The transition matrixPS? is shown in (17) and (19). The
Markov chain model of the service queue is shown in Fig. 5

The average current consumption for this system is
3100939MA, i.e. 2.7% less than if the system is always in
state . The average request loss222% and is smaller

PSQa,sr=0) = P | qf gl (r) than the performance penalty constraint. A
G | bsa) 1-b(sa) Example 2 Consider the same service provider, service
(18) gueue and service requester as in Example 1. The current
do O1 consumption and average request loss will be analyzed for
PSR, sr=1) = g [ b(sa) 1-b(sa)(19) diferent combinations of the transitions probabilities of the
O1 0 1 } service requester, that is, forf#rent workloads. As shown
(20) in Fig 2, the greater the probabilityt; that the service re-

guester is in statejt the more intensive the workload is. Two

This system model is to be simulated during a time horiexamples of traces of the service requester (SR) states are

zon T;

= 10000time slices.

Thus, the discount factor shown in Fig. 6: (i) the service requester transition probab

& = 1-1/10000= 0.9999 The performance penalty con- ities are i} = 0.1and £} = 0.9, thusz; = 0.9; (i) the
straint defined for this system is the average request loss Iservice requester transition probabilities aréofig =0.9and
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straint.
Figure 9 — Classification of system workloads.

2.2. Paliciesfor nonstationary system workloads

prr, = 0.1, thuszy = 0.1. In order to keep the performance 1o dynamic power managemeBifM) system model in
penalty under its constraint, i.e., maintain the perfor@n .,y stationary environments [4] assumes that the model of
of the system at acceptable limits, the power manager issugSe service requesteBR) is constant over time and is known
commands to change the power state of the service providgefore operation time, because the transition probailitf
either increasing the service rate for intensive workloads 14 service requester are estimated from request records of
decreasing the service rate for less intensive workloads.  yhe req| system. These two assumptions impose limitations
_ The system model of this example is simulated fofy qynamic power management, since real workloads may
different stationary service  requesters, WIttESp = bresent nonstationarity, i.e. the transition probabiif the
0,01,02....10and gy, = 0,01,02....,10, and the  gqpice requester may change at run time. In this case, the

Fg. 7. RFor the most intensive workload, whefip = 0 5 states. The approach of Chung et al. [2] is based on the
and [ 7, = 1, the average current i8187mA because the 54 4igm of theprinciple of estimation and contrqPEC).
service provider is always in state which has the great- 1,q (ransition probabilities of the service requester Mark
est power consumptioB{87mA), but has the best service ,ain model are estimate on-line, and optimal policies com-
rate (o,a) = 1fora = ao,a, thatis, when the service 1 o4 gi-line are interpolated toféer a close-to-optimal so-
provider is in state & it completes a request in the present|ion for the estimated parameters.

_time slice with propabilit)_/l. Thus, the average request loss 5 nonstationary workloat' is represented as a series of
'Ssg' For the less intensive workload, whefjf = 1 and N, stationary workloadss, s= 0,1, . .., N,—1 with different
Pr.r, = 0, the average current i2949mA because the Ser- yanition probabilitie® = pSR, Vri € R. Thus,R; is a func-
vice provider is glways in state; svhich has the smallest tion of us, as shown in Fig. i(')(b). Theest-adaptive policy
power consumptior204.9mA), but has the worst service rateé g the technique that applies the decision table optimized f
b(s;, @) = 0.3125for a = &, &, that is, when the service o of each workloadis [2]. This technique is optimal for
provider is in state & it completes a request in the present e nonstationary case, but it is impractical becaupeiori
time slice with probability).3125 Nevertheless, the average knowledge of the nonstationary workload is needed.
request loss i9) because no request is issued at all, since 114 dynamic power managememRM) technique us-

SR _ R _
Prr, = 1and g r, = 0. For some workloads, the request jq fixed size sliding windows is shown in Fig. 11. The
loss is greater than the performance constraint, and thé pol

cies optimized for these workloads are not acceptable, as
shown in Fig. 8. Besides, for some workloads, the reques
: G A (a (b)

loss is less than the performance constraint, i.e. the jEdic SR
satisfy the performance penalty constraint, but is not guar Pror
anteed to fully exploit it and save more power.

In general, the B< pPR plane may be divided into PeR (1)

. . § ’ . . r1,To

two regions: (i) one for which pi > 05 =
(1-p5%)/[2- (P55, + pii)l > 05 = pif, > PRl
and related to intensive workloads; (ii) and one for which Figure 10 — (a) Nonstationary service requester; (b) Nonst#n-
pi1 < 05 = (1_ pSR )/ [2 _ (prs(ﬁo 4 p§1$1)] > 05 = ary workload and the relationship between the probability R

To,l' .
prSFr{ < pSR and relatédoto soft workloads. and the present stationary workloadus.
1,1

To.lo

SR
(t pro,rl(t) prlerel(t)
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Figure 6 — Examples of system workloads.
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Figure 7 — Power consumption and request losses of a power-maged system for dfferent transition probabilities of the service
requester SR).

power managerRM) estimates the workload of the system selected windowV; shifts right its content by one position,
and chooses a command to issue to the service provider. Te., V\/i"*l(t) = Wik(t), vk = 0,...,lw,, — 2, discards the

do this, the power manager usBdixed sizerequest win-  rightmost eIemenV\/i'Wma”l(t), and storess (t) = r; in po-
dows 1, of the service requestesR) to evaluateestimates  sition WO(t). The blockCompute estimatean evaluate the
of the transition probabilities of the service requestepoi estimatepSR(t, I,) of the transition probability of the ser-
icy table 4, contains decision tables generated at design timgice requester from a stateto a stater’ at timet for the
by the policy optimization problemQP). Thus, thepolicy

interpolator, 5, uses the states of the service requester, 7,

service queue, 8, service provider, 9, andabtmate®f the Power Manager (PM)
transition probabilities of the service requester for thter-
polation of the decision tables. The result Bexisiorwhich State 3| Request ©)
is used for thechoice of the commané, to be issued to the "1 windows
service provider. .
The blockrequest windowsas shown in Fig. 11 contains _— s
a multiwindow (first introduced in [2]) that stores serviee r Policy @ ;@;‘5" Policy @)|Pecision] Choice of
guester &R requests and evaluates the estimates of the tran- table P interpolator » the command
sition probabilities of the service requester. An example iT VWY
shown in Fig. 12 for a service requester with two states. States Command
Each window is denoted bW, i = 0,1,...,(R- 1), and
corresponds to a stateof the service requester. The nota- |
tion WX(t) denotes the content of positidnin window W, sorvica O (o Ly
at timet. Every window has sizé,. If there is a transi- Requi\{éﬁsm > ]I[DIZ:> o S%'Vicesp
tion of the service requeste8R from a states (t — 1) = r; a iig‘fgo) rovder )
to a states (t) = rj, as shown in Fig. 13, then therevi- System

ous request ber (PRB) stores the state of the service re-
guesters (t—1) = r; and controls th&vindow selectgrwhich  Figure 11 — Power management for nonstationary system work-
chooses the windowV, such thats(t — 1) = r;. Only the loads.



st-1)  s()
Figure 13 — Transition of the service requester from states (t —
1) =r; to state s (t) = rj.

window sizel,. In the case of Fig. 12, onlp?R (t, 1) and

500 time slices was the period of time necessary to com-
pletely fill the window with sizé00only with transitions of
the new workload 4y and it is called the identification delay
(named adaptation time in [2]). After that period of time,
the estimates oscillate around the true transition proliabi
ties value ﬁ)?o(t) what is called the sampling error (named

resolution error in [2]). A

f)rslffl(t, lw) are evaluated because the others can be calculated

whenever they are necessapyF(t, lw) = 1- P57 (¢, lw) and
PER(t1w) = 1— PR (L. 1),

The estimates of the transition probabilities of the ser-

vice requester§R Markov chain model are evaluated by the
block Compute estimata Fig. 12 by means of maximum
likelihood estimation. Let£=" be the equivalence opera-
tion, i.e., the resultis “1” if the arguments are equal, a@d “
otherwise. Let the expressi@ﬂ\/ik(t) == j) identify whether
the state stored im/ik(t) is j, meaning the occurrence of a
transition from statéto statej. Thus, the estimatg: T (t, lw)

is shown in (23).

e (W) == j)

lw

ASR

Prr, (tIw) = (23)

. Vi

Example 3 Consider a nonstationary service requester (SR)#

(Msr 2(r)) with state seR = {ro,r1} and transition proba-
bilities specified in (24) and (25). This service requester ¢
be represented by the series of stationary workloagslur-
ing 0 <t < 2000time slices, and uduring 2000< t < 4000
time slices. To identify the service requester (SR) motel,

was used the multiwindow technique (MW) with fixed win-

dow sizes100 and 400, and the estimatep?*; (t, 100) and
ek (t,400) are shown in Fig. 14. The estimates of the
transition probabilitiesp? R (t, 100)and p2R (t, 400)are not
shown here. As shown in Fig. 14, it is possible to observ
that, after the transition fromgito u; att = 2000time slices,

PR (t,400) ~ pR (1) att > 2500time slices. In this case,

00 1000 2000 3000 4000 0O 1000 2000 3000 4000
Time Time
— ﬁrsofﬁo(t, 100) — f),so':‘,’o(t, 400)
"""" Proro (¥ — PR, (®)
Window
P> size
Shorter
identification hlllllllllllll
delay
Trade-off! Smaller

IIIIIIIIIIllIIIﬁ sam p lin g
error

Figure 14 — Trade-df between sampling error and identification
delay.

o 08, if 0<t<2000
Proro (V) {0.2, it 2000<t<4000 (*¥)
o 04, if 0<t<2000
Prn(® {0.1, it 2000<t<4000 (%)

As shown of Fig. 11, the blocgolicy interpolatoreval-
uates an optimum policy for the service requester tramsitio
probability estimates. Since it is noffieient both in time
and energy consumption to solve the optimization problem
in (8) online for each transition probability estimate, & se
of optimal policies is evaluatedisline and then interpolated
on-line. The transition matriRSRof a service requester with
two states can be represented only by the pair of probabili-
ties (Ro, Ry) whereR = p?R, i = 0,1. For each service
requester state the transition matrix can be sampled into a
finite set of values, each one representelgigas j/(NS-1),

=0,1,...,NS; — 1, whereNS; is the number of samples
or the statd. And the optimization problem in (8) is solved
for each pair of probabilitiefRy;, le), j=0,1,...NS -1
ek =0,1,...NS; — 1, resulting in a set of decision tables,
which are organized on policy table as shown in Fig. 15.
|Each element of the policy table is a decision table optichize
for a service requester with transition probabiliﬁ@sj, le),

i=01,...NS-1andk=0,1,...NS; — 1.

Policy table
R1 s: system state
a)
‘RO R10 [ R11 | R12 [ R13 | R14 a: command
R0OO Decision table
RO1 a8 a0 | a1
s

R02 »| sO 03 | 0,7
R03 s1 04 | 06
R04 s2 0,1 0,9

Figure 15 — Example of policy table withNSy = NS; = 5.

As shown in Fig. 11, the blockequest windowseval-
uatesestimates(Ry = PSR (t.Iw). Rt = PSR (t.1w)) of the
transition probabilities of the service requester, anddai-
secutive indexes are chosen for each service requester stat
Roj < Ro < Ro(j+1)andRy < Ry < Ry:1). The decision table
for the pair Ro, Ry) is evaluated using the decision tables of
(Roj, Ruk), (Roj, Rik+1)): (Rogj+1), Rik), (Rogj+1), Ruks1))- Each
one of these four decision table has one line associated to
the current system state, nam€é& One technique of bi-
dimensional interpolation is applied to these four lines to
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Figure 12 — Multiwindow for a service requester with two staes.

evaluate thefinal decision Let f : R — R in (26) be

error gfects found in stochastic learning-based weak estima-

a one-dimensional interpolation function. To perform bi-tion were formally stated and analytical expressions were d

dimensional interpolationf : R — R in (26) is applied re-
cursively. Extrapolation is applied whenev&r> Rins -1)
orR < Rp.

F(x) = (f(x) - f(Xl));(;‘_ )Zf(Xl) ~ % (%)

(26)

Each element of th&nal decision(pa, - - . Pa,,) is the
probability of the power manager issuing a commare A
when the system is in state= (s, r, g). As shown in Fig. 11,
the blockchoice of the commanautputs the commanalto
be issued to the service provider. In this block) @andom
number uniformly distributed in the interval,[0] is chosen,
and the commang, is such thaf’| % pa, < D < X} _ Pa, if
0<D<1,oraif D=0, asshownin Fig. 16.

pag Pa1 pai paA.1
——p———————»i ———pi
Il Il Il Il Il Il >
T T T T T T T
0 I 1
D

Figure 16 — Choosing power management commands.

3. IDENTIFICATION OF NONSTATIONARY WORK-
LOADS

The dfects of sampling error and identification delay of a

rived. This technique outperformed previous approaches in
estimation accuracy, performance and power consumption.
Furthermore, the stochastic learning-based weak estimati
requires less computatiotitert than fixed size sliding win-
dows.

The dynamic power managemeBRM) technique using
stochastic learning-based weak estimation can be dedcribe
with the help of the block diagram shown in Fig. 17. The
proposed technique has been designed for nonstationary en-
vironments as described in the following. The power man-
ager PM) estimates the workload of the system and chooses
a command to issue to the service provider. To do this, the
power manager uses stochastic learning-based weak estima-
tion, 1, to evaluateestimatesof the transition probabilities
of the service requester. policy table 2, contains deci-
sion tables generated at design time by the policy optimiza-
tion problem QOP). Thus, thepolicy interpolator 3, intro-
duced in [2], uses the states of the service requester, 5, ser
vice queue, 6, service provider, 7, and gstimatedor the
interpolation of the decision tables. The result idexision
which is used for thechoice of the commandt, to be is-
sued to the service provider. In what follows, the stoclasti
learning-based weak estimation for workload identificatio
is analyzed.

3.1. Stochastic learning-based weak estimation

In the blockstochastic learning-based weak estimation

non-stationary workload of a battery powered device wergy,, iy Fig. 17, the estimates of the transition probagdit

analyzed by Luiz, Perkusich and Lima [13].

mal window sizd,, of the blockrequest windowss shown

of Fig. 11 is the one which results in a minimum mean

Simulations
using a Markov chain model of an embedded system an
an analytical model of the battery suggested that the opt{;,

of the service requester are evaluated. pﬁj(i A) be the
stimate of the transition probability from stateo stater

ith parameter &< 1 < 1. An example is shown in Fig. 18
for a service requester with two states, where (pﬂ?o(‘t, A)
andp:R (t, 2) are evaluated because the others can be calcu-

square error of the estimation of the workload parameters,. 4 whenever they are necessa§& 1t 4) = 1-pSR (t, 1)
. . e L . DT\ fo,fo\™
thus increasing the battery lifetime with an acceptable Per g pﬁi(ta H=1- f)rsl,Ffo(L ). The value of the estimate

formance penalty. In [14], Luiz, Perkusich and Lima applied
stochastic learning-based weak estimation to identify-non
stationary workloads. The identification delay and sangplin

pr R (t, ) is only updated when the inpst(t— 1) to the block

r
Coﬁ1pute estimatequals;, that is, when the state of the ser-



Power Manager (PM) \ (X) =E (X -E (X))2 = pr. r (t) - [pr. ri (t)]

The operation performed in the blo€ompute estimate
State | Stochastic learning-based (Fig. 18) is shown in the Algorithm (1) (whose version for
weak estimation %) binomial distributions was first introduced in [15]). In shi
Estimates algorithm, P(X = 1) and P(X = 0) are internal variables.
Decision v At 't = 0, they are initialized to user defined values, e.g.
Policy (D] tables - ~ Policy ® Decision| Choice of @ P(X=1)=05andP(X =0) = 0.5, and are updated when-
table "| interpolator " the command ever(s (t— 1) ==r)).
F
1 States Algorithm 1: Compute estimate.
C d = =
ommen Data: P(X = 1), P(X = 0) and.
|| v input : s(t) ands(t—1)
Service ® : C) O] output: pﬁ,ﬁ (t’ /l)
Requester (SR) jgvgp:> Pro%?dr:rc(esp) if (s(t—1)==r;)then
Queue (SQ) if (s((t) == rj) then
System | P(X=1)=1-AP(X=0);

Figure 17 — Stochastic learning system workload estimatiofor else R
nonstationary environments. | PX=1)=aP(X=1);
P(X=0)=1-P(X=1);
PER (L A) = P(X = 1);

vice requestes (t — 1) = rj, as shown in Fig. 13. Otherwise,
the blockCompute estimatas shown in Fig. 18 outputs its ~ The estimate quality is assessed by the mean squared error
previous evaluated estimapg (t - 1, ). (MSB). Lete;(t) = PSR (1) — pSR (1) be the estimated error

of the probabilitypﬁ"ﬁ (t) of a service requester during time
slicest = 1...m. The mean squared errddS ; of the

Servi s () : : _ _

Requester (SR) jjeomputel | ssr gy estimatepS R (t) with respect tap$ R (t) is computed in (28).
estimate "o.'o il ifj
s ) m . cr )
Provious | (-1 —Compute| , asr ¢ MSE; = Z(a, (t)" = Z |51 (6 — e (8]
» 1] t prLrl( 4 )
request estimate (28)
buffer(PRB)

3.1.2 Identification delay

Figure 18 — Block stochastic learning-based weak estimation for

a service requester with two states, As shown in Fig. 19, when a transition from one stationary

workloadu, to anothes occurs at = tg, there is a period of
time T, necessary so that the estima}:c?igfj (t, 2) converge
to the new workloadis. This period of time is denoted the
3.1.1 Statistical properties of the estimates identification delaynamedadaptation timen [2]). For the
service requester statg the identification delay is denoted
Tp. Let Ty be the identification delay for all of the service
requester states, i =0,...,R— 1.

The estimates of the transition probabilities of the sexrvic
requester $R Markov chain model are evaluated by the
block Compute estimatan Fig. 18 by means of stochastic
learning-based weak estimation [15]. The statistical prop

. . . . . “— U — e yYyg — >
erties of this estimation approach are explained and mathe- : ; ‘ : ‘
matically analyzed here. Let=" be the equivalence op- B (t. 1)
eration, i.e., the result is “1” if the arguments are equal, e
and “0” otherwise. And letn be the logical AND. Let L W PSS, pas ()
X)) =(s(t-21)==r) A (s(t) == rj) be a random variable :
identifying whether the state of the service requess®) (
isri at timet — 1, andr; at timet. WhenX(t) = 1, there
was a transition from state to stater;. Thus, X is a dis- i b pp I
crete random variable with sample spa0gel} with proba- Ty
bilities P (X = 1) = pp ¥ () andP (X = 0) = 1~ pp R (1). The . :
expected valude (X) and the varianc/ (X) are presented s Time, t
in (27) and (3.1.1) respectively.

Estimates

Figure 19 — The identification delay (bold line) during the tran-
sition from one stationary workload u, to another us.

2
E(X) = > xP(X=x)=pR( (27)
i=1



Theorem 1 If a transition from one stationary workload u The necessary number n of time stepso that the es-
to another Y occurs at t= ts, and the workload yremains  timates f)ﬁfi (t,2) converge to the new workloads unust
for at least T, time slices as shown in Fig. 19, then, for a satisfy the inequality in (29). Using the expression for
given0 < € < 1, there exists a | such that the inequal- [pr R (Tn,/l)] in (34), this inequality is rewritten in (35). By
ity in (29) holds, where }f is the constant value ofpy (1)
during the workload u The period of time ] is named
the identification delay for the service requester statend
satisfies (30), wherg = lim_,. P[s(t) = rilug] is the prob-

considering thatE[pri,ri(To, /l)] - pri,ri(us)| <10<ex<l1
andO < A < 1the inequality in (36) holds.

ability that the service requester (SR) is in stateAnd the E 1 < 35
identification delay F, for all of the service requester states | [pr' r, (7o, )] Pi r" €<= (35)
ri,i=0,...,R=1is shownin (31). =>A1"< €

[pr i (to, /1)] pr, ril
E[PER (ts+Tp, V)] - pERI < (29) In (e)

n
=>4 <6:'n_|n(/1) (36)
, In(9) (30)
P = in (2) Replacing n= T,7; in (36), then the inequality (30)
In (e) holds. And the identification delay for all of the service re-
Tp= maX{Tp.} > { } (31) quester states Fmay be defined as the maximum of all of
In (/l) the identification delaysJ, i = 0,...,R— 1, as expressed

Proof 1 Since the value of the estimgigR (t. 4) is only up- 11 (31).
dated when the state of the service requestéirsl) = r;,

let us consider that the service requester stafe-s1) is ob- When the parameter & 4 < 1 increases, the identi-
served for J, time slices and there are n occurrences of thefication delayT,, also increases. Therefore, to combat the
state { as shown in Fig 20. Then, for giciently large T, identification delay, the parametémust be kept as small as
we have T, = = n= Tpm. possible.
. = n occurrences | 3.1.3 Sampling error
§ § Fh : : ' After the identification delay from one stationary workload
O T - . . . .
» g % T ur to anothers, as shq\_/vn in Fig. 21 the estimates osqlllate
17 ‘ L ] around the true transition probabilities valqe;fs?j(t). This
To R effect is denoted theampling error(namedresolution er-
Time, t ror in [2]). The decrease in the paramefeis beneficial to
Figure 20 — Time slices when the value of the estlmaqnfR (t,2)  reduce the identification delay, but it increases the sargpli
is updated. error.
Now, let us consider the sequen(es, 71, 72, ...) of time . S . S — Hs E—
slicesry = ts+t such that gts+t—-1) =riforn=0,1,2,...as
shown in Fig. 20, that is, the sequence of time slices when the oy (64)
value of the estimatS R (ts + t, A) is updated. We willcom- | —:\ | ______
i - "
pute now the necessary number n of time stgs® thatthe @&
estimate; | (rn, 1) converge to the new workload..From £
the Algorithm (1), the expected value of estimgié (s, 1) i :
givenpy R (tn-1,4) = P(X = 1) is shown in (32). Taking ex- feo Rnibiha "an siCERE
pectations a second time, the expression in (32) is rewritte To
in (33) and extended to [BS R (o, 1) in (34). C o :
° Time, t
E [f’ﬁﬁ(Tn»ﬂ)mﬁ,R} (Th-1, ,1)] = Figure 21 — The sampling error (bold line) after the transition

SR SR from one stationary workload u, to another us.
= Prir (1 -4 (1 — Prir (Tn-1, /l))) +

ASR
+(1-pif )/lpri,fj(T“—l”l) = The variance of the estimae®  (t, 1), shown in (37), is
=(1-2) prl rt /lf)ﬁfi (th-1, 1) (32) a metric of the sampling error (the proof for this expression
of the variance is shown in [15]). The variarM(éf)ﬁ,'ﬁj (t, /l))
is minimum for4 = 1 and maximum forl = 0. There-
E[BSR (r. )| = (A=) pIF + AE[pSR (ro-1.0)|  (33)  fore, whend increases, the sampling error decreases. B,
M SR 4 g [SR as shown in Section 3.1.2, whdrnincreases, the identifica-
== piy + B [pfl (70, ’l)] B4 tion delayT, also increases. So, there is a tradiebetween



sampling error and identification delay.

n-1
_ SR _ nSR o — LA
(e (t,@):(l PSR (1- pSR (1) 7 (n) kzo KAk +

@a+2) N
()

-t © | @B (tn—t-A) _ @B (th—t)
prne

In [16], the problem of power management under non- + 50, 22
stationary workload conditions was rigourously analyzed a — ~
solved using a multi-size sliding windowiSW) technique
which results in close to optimal power management poli-
cies. The estimates were computed taking into account ei- As pointed out in [18], the first term of (40) is thee-
ther multiple windows with dferent sizes or multiple pa- ya charge lostand the second term is interpreted astthe
rameters. The introduced technique is able to adapt itselfyailable chargeLet @ be the battery’s full charge capacity.
whether the workload of a real-life system is stationary ofrpena(n) = o — o(n) is theavailable chargevhen using the
highly nonstationary. Furthermore, the introduced msite  Rakhmatov-Vrudhula battery model. Aad(n) = a — 1(n) is

sliding window technique can be easily combined with anyne gyailable chargewhen using the linear battery model.
technique used to compute the estimates. In [16], itwas congjncey(n) > 0, Vt, > 0, a(n) < a.(n), i.e. the avail-

bined either with maximum likelihood estimation or stochas gpje charge of the Rakhmatov-Vrudhula model is less than
tic learning-based weak estimation. or equal to the available charge of the linear model, as shown
in (41).

(40)

u(n)

4. BATTERY-AWARE POLICIES FOR NONSTATION-
ARY WORKLOADS o(n) = 1(n) & —o(n) < -I(n) & a—o(n) < a - 1(n) (41)

Optlmlzat[on of the battery lifetime using power manage- By including the Rakhmatov-Vrudhula battery model in
ment strategies has became one of the key challenges in the

design of mobile embedded systems. Battery-aware DP Ep?’"cy optlmlzatlomroplem PO)in (8), 't_ Is possible to
. . consider the battery non-lineaftects. For this task, the cost
strategies must take into account the workload, the eleg-~ . : .
unction must be rewritten as (42) where the functfeors

tric parameters (e.qg. vaIues_ of currents) of the electroni efined in (39). The expected consumption is shown in (43),
system and the electrochemical features of the battery [1], , . :
onsumption vector is shown in (44). The system consump-

The approaches of [4] and [2] are both energy optimiza-,~ ~.~ _ 1 = L oo
tion techniques, what applies perfectly to a linear batter |onb||s Zfll_;gt:‘)” t[ bﬁ(l:)] anq tf;zbattery lifetime optimization
model, but may not optimize the battery lifetime at a real batProPem alis shown in (45).
tery powered device, at which the rate-capacity charatieri

and the relaxationféect are not negligible. Luiz et al. [17] b(s a,t) = I(a, s t)F(T, t, tk + Ax, §) (42)
proposed a battery-aware dynamic power management tech- = _
nigue that exploits an accurate analytical battery model in b(X, 0 1) = Z Pab(s & t) (43)
a non-stationary environment. This technique is briefly de- Pacox
scribed in this section. b(X1, 6x,» ti)

In [18] an arbitraryload profileis defined as a series of Dyt = : (44)
N load “steps” (1, A1), (I2, A2), - - -, (In, An), Wherely, Ag e _
tx are the magnitude, duration and start time, respectively, B(Xx Oxy. t)

of thek™ load step. The total duration of the load profile is

A = YN Ax. At[19], Rakhmatov and Vrudhula[19] provide o B

a battery-aware cost functian(n) (see equation 38) to be PObat : minz Ex [ ba(t)]
minimized and thus maximize battery lifetime. =

such thati E.[ds(t)] <D (45)
t=0

n-1
() = > IF(T, b t+ A, B) (38) . _ _ _
k=0 It is important to notice that the cost functib(s, a, t) in

PObatis time dependent because of the functd(, ty, tx +
Ak, B), which reproduces the battery non-line#fieets. The
cost functionc(s, @) in (8) is not time dependent and there-
fore PO2 is simplified to the linear program PL1 in (9), where
&\ @ BIM(t-t) _ Bt (-t) there is no temporal dependency. Thus, the approach of
FLt.trnp) =t —ti+ ZZ B2rP (39)  Benini et al. [4] does not support the solution of the policy
m=1 optimization problem with a time dependent cost function,
such as the problerRObatin (45). In this section, it is
Replacing functior in (38) with its expression at 39 we presented an alternative para to increase the batteriyridet
get (40). using the approach of Chung et al. [2].

where




with lower performance constraints at idle intervals, taxs
tending the intervals of time at which the battery “recovers
which considerably increases the battery lifetime.

When a power managed system enters a low power state
which demands zero current from the battery, the relaxation
effect makes the battery “recover” available charge and thus
the lifetime may be considerably extended. Luiz et al. [17]
extended the DPM technique proposed at [2], lowering the
performance of the system when it is at low power states,
what increases the period of time the battery “recovers” and
consequently its lifetime. The proposed technique is de-
scribed for a service provider with two states) and off,
but it can be extended to handle a SP with more states by
) ) ) combining low power states which demand zero or negligi-
40 5'0 6'0 70 ble current from the battery, so that the proposed technique
is applied whenever the SP enters one of these low power
states.

When low performance is acceptable, and the SHtis o

F tr S it may take more time to switch on, on the expense of more
unserviced requests waiting at the SQ. Tdie the time res-

Figure 22 — Battery discharging process. olution. In the case of the discrete time Markov chain model
of the SP, the expected transition time from stafeto state

on (tof1.0n(Son)) When the power manager issues a command

An example of a discharge process is shown in figure 220 switch on &) is inversely proportional to the probability
for a battery of parameters = 60000 e3 = 0.35. For the of the SP transitioning from statg to stateon(pgfpf’on(son)),
first 20 minutes, the discharge current was 800 mA. Then thas shown in equation 49.
current became zero during 20 minutes, and raised again to
800 mA until the battery was fully discharged. We notice
at time intervalA; (see figure 22) thad(t) approaches, (t)
because of the recoveryfect, since the current is zero at
that time interval. One may see that théelience between  Thus, in general, for states of the system at which the ser-
the available charge of the linear model and the one of thgice provider is &, the probability that the power manager
Rakhmatov-Vrudhula model is equal to unavailable charggssues a command to switch the SP on is smaller when the
as shown in equation 46. performance penalty constraibtin the optimization prob-
lem presented by [4] is greater.

If a battery powered system spends more time at low
power states, it benefits from the relaxatidieet and ex-

when the current is zero, the idle time be as long as poss‘-ends battery lifetime. The approach of Luiz etal. [17] uses

ble so thatu(t) approaches zero as much as possible. ThBOWeEr policigs optimized for low performancg penalty_ con-
recovery time () of a load profile is defined at [18] as the S”a'T“S at high power states; and power policies optimized
additional time after the end of the load profile so that thefor high performanc.e penalty constraints at low power state
unavailable charge reaches a fractioof its value attheend . C_onS|der a service provider such that, foorast_ate, a
dninimum performance penalty constrabg,, = 0.2 is de-

of the load profile. For example, considering the load profil€ . d. And f : ¢ |
(I1, Ap) at figure 22, (¢ = 0.25) is the additional time after sired. And for arpff state, a maximum performance penalty

Aq 0 thatu(t, + A1) = sU(As). For an arbitrary load profile constraintDnax = 0.4 is acceptable. Immediately after the
the recovery time is defined in (47) ' service provider turnsff it is not desired that the power

manager uses a power policy optimized for the high perfor-
mance penalty constraibtnax = 0.4, because, if so, the sys-
u(tr + A) Zszl IKF(tr + A, t, t + Ak, B) tem user will experience a high delay to turn on the system
u(d) ZkN—l IF (A, ti, t + A, §) =€ (47) again. Thus, the transition betweBg,, = 0.2 t0 Dyax = 0.4
- must be performed smoothly.
In spite of the dificulty to find a closed form expression  An exponential function was used, and intervals of values
for t;(¢) from (47), the upper bound reproduced in (48) maywhich this function may assume were associated to values

Residual Charge, mA-min

-—

10 20 30
Discharge Time, min
— A —e— Ap—p—— A3 ——

tor f.on(Son) = (49)

pgfpf,on(son)

a (n)—a(n) = a-1(n)—a+o(n) =o(n)—I(n) = u(n) (46)

Thus, the recoveryfiect decreasagt). So we desire that

be obtained [18]. of D betweenDpi, and Dmax @s shown in figure 23. The
exponential functiorf (to¢) is shown in (50), wheréy¢¢ is

t(e) = _i|og(1.5g), Ve < 0.4 (48) the time the SP remains at thef state,t; (¢) is the upper

Jis bound for the recovery time [see (48)] of the battery used.

The power management approach in [2] may benefit from i
the battery model in [19] by using power policies optimized f(torf) = 1 — e ort/u(® (50)



1000 o on reference performance value, the performance of the sys-
8,%: 800 tem is measured and compared to the reference performance
g ¢ 600 value, resulting in the error of performance, which is the in
@ £ 400 put to a controller, whose output is a command to change
03 200 off the power state of the power-managed system, as shown
05 20 40 60 80 100 in Fig 24. Thus, the system performance is guaranteed to
Discharge Time, min achieve the desired performance penalty constraint. Feed-
o back control has been applied on power managementin many
c 6X 10' different scenarios, such as: servers [5], real-time embedded
E T : : ce systems [6], networks-on-chip [7], embedded microproces-
3 AN ESTISR SRTTAST IOPeY —0 sors [8] and video playback [9].
&’ % 2. NS B SN N psﬁgi[ﬁgﬁﬁe peEgr?;:;ce Command _ i borformance
BN i o
60 80 100

0 20 40
Discharge Time, min

Figure 24 — Power management based on feedback control prin-
ciple.

The dynamic power managemeRM) technique pro-
posed in this work can be described with the help of the block
diagram shown in Fig. 25. The 'controlled variable’ is cho-

Exponential
function

0 20 40 60 80 100 sen to be the average request lt@p of the system. The
Discharge Time, min 'manipulated variable’ is the state of the service provigler
—————t g which is changed by the means of the commarissues by

the power manager. Since the system user accepts that the
Figure 23 — Exponential function to vary performance penaly average request los$g) of the system be degraded up to a
constraints when the SP turns & certain user defined performance penalty constiajrthan
the power manager can issue a commartd change the
states of the service provider and thus reduce the service rate
Let Np be the number of equally spaced performancey(s a). The 'setpointlc(t) is the performance penalty con-

penalty constraint value®(ip) [see (51)], whereip = straintL (such aD used for thepolicy optimizatiorproblem

0,1,2,---Np. The performance penalty constraid{ip) in (8)). According to the states of the service requester

value is chosen such thap(- 1)/Np < f(torr) < ip/Np. service queue, and service provides, there may be a re-
quest losd(x = (s 1,Q)), as shown in (21), which is used

(iD - 1)(Dmax_ Dmin)
Np -1

+ Drmin (51) to estimqte the performance of the systpm.by means of the
block Estimate request lossvhose output(t) is subtracted

The system is represented by a discrete-time Markch/rom the setpointc(t) to create the error signa(). A.PI
. controller takes the erraa(t) to produce the control signal
chains coupled to the battery model. Such model allows . -

. . ; u(t). But, according to 2, the control s&1 of the service
a rigorous mathematical formulation of the problem and a

trade-df between performance and battery lifetime. Experi-E;Z\g(:gr”';d'tsrféifn?i?igggib;t?gls éitlumé? ::{(Z)e;t:::%il;e'?e

mental results have shown that the technique introduced re- p goe) |

. . . commanda(t). In what follows, a stochastic model for the

sults in longer battery lifetime compared to previous tech-

niques feedback control for Markov modeled power-managed sys-
ques. tems is analyzed.

Nevertheless, every dynamic power management tech-
nique based on stochastic context [2, 4, 13, 14, 16, 17] ap- 5.1. The power-managed system

plies the optimization problem in (8). As shown in Exam-
ple 2, this solution may satisfy the performance penalty con

D(ip) =

For systems like processors with dynamic voltage and
straints, but is not guaranteed to fully exploit them. Thusfrequency scaling, the swﬁghmg time between the dynam!c
. - : Voltage and frequency scaling power states may be consid-
there are still opportunities for power saving. In the ned-s L .
A ered negligibly less than the periddof the power manager,
tion, itis shown how to guarantee that the actual perforraanc oo .
then the switching costs (energy and time overheads) can be
penalty of the system follows the performance penalty con- ) . )
. neglected. Thus, the design of the service provider Markov
straint by means of feedback control. . . L
chain model of such systems is based on two assumptigns: (
the consumptiore(s, a) and service rate(b, a) only depend
on the current service provider statbecause the energy and
time overheads for transitions are negligible; (ii) thensia
Feedback control techniques for power management itions between power states are considered determinisaic, t

general apply a Wscheme where: the reference value isig, each elemen 2"; (a) of the transition matrixPS™(a) is

5. FEEDBACK CONTROL FOR MARKOV MOD-
ELED POWER-MANAGED SYSTEMS
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Figure 25 — Block diagram of the feedback policy for power maagement.

evaluated as in (52), where the commanodheans to “switch  t, which is either O or 1, as defined in (21). Llebe the

tos”. performance penalty vector. Then the evolution of the prob-
Let us reorder the service provider states in decreasingbility distribution of the system states and the perforogan

order of power consumption, that ig(S) > c¢(s1) > ... >  penalty is as shown in (53). Since the performance penalty

c(ss-1)- This decreasing order of power consumption correof interest isrequest lossl in (54) contains the expected re-

sponds to an decreasing order of service bésg) > b(s;) >  quest loss associated to each system stat€onsidering

...> b(ss_1) and an increasing order of performance penaltythe request losgx = (s,r,Q)) in (21), the expected request

1-b(s) < 1-Db(s) <...< 1-Db(ss.1). The reasoning loss associated to each system state E[I(x = (s,1,q)] =

for this is the fact, as shown in Fig. 25, the estimate of red x (1 - b(s)) + 0x b(s) = 1 - b(s).

quest losd(t) is subtracted from the setpoik(t) to create

the error signaé(t) = Ic(t) — I(t). If I(t) > Ic(t) = €(t) < 0,

i.e. the current estimated request loss is greater tharethe p

formance penalty constraint, then the power manager must p(t+1) = p(t)P(a) (53)

issue a command so that the service provider enters a E[I(0)] = p()l

state with less performance penalty-b(s). Accordingly,

if 1(t) < lc(t) = et) > 0, i.e. the current estimated request

loss is less than the performance penalty constraint, then t

power manager must issue a commando that the ser-

vice provider enters a state with more performance penalty E[1(X0)]

1-b(s). E[1(x)]

sp 1, ifsi=g5 :
Ps.s, (@) = { 0, othjerwise

(54)
(52) :
E[1(xx-1)]

The expressions derived in the previous section for the
expected consumption and expected performance penalty of
the service provideiSP at time slicet were based on the fact
that, using a stochastic poliay the commang to be issued The Quantizerblock as shown in Fig. 25 associates val-
by the power managePM) is arandom variablewith dis-  ues of the control signail(t) to commands(t) according to
crete probability distributiody = (Pag» Pays - - - » Pas,) Which  the functionfg(u(t)) in (55) and as shown in Fig. 26. Then,
depends on the system stateIn the case of the feedback a(t) = fo(1-bs) =&, fori =0,...,X-1. [fu(t) =1-bg
control technique shown in Fig. 25, the commaa(t) is is kept constant for dficient time, then lim,. S(t) = §
known Let p(t) be the probability distribution of the sys- and lim_.I(t) = 1 - bs as shown in Fig. 27. Thus, the
tem statesX = {Xo,..., Xx_1} at timet, let P(a) be the sys- quantizer is designed so that the static gain is unity. Also,
tem transition matrix when commarad e X is issued by if 1 — b(s,a) < u(t) < 1 - b(s.1,a;+1) the least expected
the power manager, and IEt) be the request loss at time requestloss is  b(s, &).

5.2. The Quantizer block



P(X = 0) are internal variables. At = 0, they are ini-
) tialized to user defined values, e.§.(X = 1) = I¢(0) and
ag, if u(t) <1-b(s) P(X = 0) = 1—1¢(0), and are updated every tirhe
a, If 1-b(s) <u(t) <1-Db(sy) - —
a(t) = fo(u(t)) = : AIgorlth[n 2. Estmjate request loss.
o Data: P(X = 1), P(X = 0) anda
ax-1, If u(t) > 1-b(sx-1,ax-1) input : 1(t)
(55) output: i(t)
if 1(t) # Othen
am | P(X=0)=P(X=0);
else
| P(X=0)=1-1P(X=1);
P(X=1)=1-P(X=0);
it =P(X=1);

ax-1

a [~ The decrease in the parametés beneficial to reduce the
identification delay, but it increases the sampling erraz- A
cording to [15]), one interesting interval for this paragret

is0.9 < A < 1. In this work the value used is= 0.999.

5.4. The discrete-time system model

1-b(s) 1-b(s) --- 1 - b(sx_1) 1 u() As shown in Fig. 25, the interfaces of the controller with
the process it controls are the error sige{@l and control sig-
nal u(t). The controller knows neither the internal structure
of the power managed system nor its Markov chain model.
Thereforeservice requesteservice queueservice provider
Quantizerand Estimate request losslocks may be repre-
sented as a unique entity, named phhecess Thus, to design
the controller transfer functioB¢(2), it is necessary to iden-

! tify the process transfer functidde(2), as shown in Fig. 28.

| Unfortunately, the stochastic model in (53) is not useful fo

| this task because of several reason}:it(is neither in the

| form of difference equation nor in state-space form; (ii) the

\ inputa is a parameter of the system transition matrix, thus

|

I

|

|

|

I

|

I

1

Figure 26 — The command quantizer.

& limee (D)

1- b(S)(_l) ________________________ M

1-b(s)) [~77777"

it is not additive to the system states probability disttidou
p(t); (iii) the instantaneous value of the expected request los
E [I(t)] cannot be directly measured because it is an expected
value. But the process transfer functi@p(z) can be esti-
> mated using some model structure [20] such as ARX in (56)
do i) ax-1 u(t) or ARMAX in (57), whereA(q), B(g) andC(q) are the poly-
nomials defined in (58), (59) and (60) respectively, apd)
Figure 27 — The expected request loss. is the equation error model.

1-b(s) [~~7

Ry y——

A@)I(H) = B(@u(t) + ec(t (56)
5.3. The Estimate request loss block

As shown in Fig. 25, the output of the power-managed A(q)f(t) = B(q)u(t) + C(q)ec(t) (57)
system is the request lo$d), but the goal of power man-
agement is that the expected request BH$t)] must satisfy
the performance penalty constraint, which, in the formula-
tion of the control problem is represented by the control sig
nallc(t). Therefore, thé&stimate request losgock observes B(@)=1+bigt+...+by, g™ (59)
the current request lo$&) and outputs an estimalg) to be
compared to the performance penalty constrigift). Since
we are interested in the expected valud(tf one possible
approach is Stochastic learning-based weak estimatidn [15 The process transfer functi@(z) identification proce-

The operation performed in thEstimate request loss dure must follow the steps [20]i)(design an experiment to
block (Fig. 25) is depicted in the Algorithm (2) (whose ver- collect inputu(t) and outpui(t) data; {i) chose a model set
sion for binomial distributions was first introduced in [L5] (ARX, ARMAX, ...); (iii) chose the best model in the set
In this algorithm, the parameter® 1 < 1, P(X = 1) and  according to a given criterion.

AQ) =1+aqt+...+a, g™ (58)

C@=1+cigt+...+c g™ (60)



6. RESULTS AND DISCUSSION
Controller Process

In this section we compare twoftkrent power manage-

lc(t) e(t) u(t) i(t : .
c o2 6.2 )> ment techniques:

1. the stochastic approach [4] using Markov decision pro-
cesses

2. the proposed technique of feedback control for Markov
modeled power-managed systems

Consider a processor with dynamic voltage and frequency
scaling whose power states are shown in Table 1. In what fol-
lows, frequencies and voltages will be normalized. For
example, the normalized frequent;yof states; is the rate of
the actual speed 168 Mhz to the full frequency 192 Mhz. Ac-

5.5. The controller design cording to [22], the dynamic (switching) powErof CMOS

circuits is proportional tafv2. Thus the dynamic power of

Let us suppose that the process transfer fundBe()  the power states of Table 1 can also be normalized, as shown
as obtained by the identification procedure described in thg, Taple 2. The power manager is triggered every 1sto
previous section has the form in (61). Let us use a Pl cOncontrol the power state of the processor. Since the switch-
troller for this process with transfer function in (62), wae ing time between the dynamic voltage and frequency scal-
ke andk, are the proportional and integral gains respectivelying power states is negligibly less than the perfodf the

Then,. the closed—l.oop transfer function is as in (63). Lehower manager, then the switching costs (energy and time
a + pi be the desired closed-loop poles, then the charagyyerheads) are neglected.

teristic polynomial of the closed-loop system is of the form
(z—a—pi)(z—a+pi) =2 +20z+ (o? + 7). Based on the Table 1 — Power states
principle of pole placement, the parameters of the PI con-

Figure 28 — Block diagram of the proposed power management
technique.

troller are evaluated in (64) and (64), resulting in the solu Name| Frequencyj (MHz) | Voltage,v (V)
tions in 66 and 66. 0 192 15
b S1 168 15
Gr(d) = — (61) S 84 15
) Z: & ) ) 84 11
+k)z-
Ge(?) = (ke + ki)z—kp (62) S 60 15
z-1 S 60 11
Gec(9Gp(2)
@ = 176c@6r@ - (63) |
bu(ke + ki)z — bike Table 2 — Normalized power states
I [ — 1+ ba(ke + k)] z— (21 + bikp) Name| Normalized | Normalized| Normalized
frequency/f, | voltagev, | power, fv2
ag—1+bike +ki) = 20 (64) S 1 1 1
—(@a1+bikp) = a?+p? (65) s 0.875 1 0.875
S 0.4375 1 0.4375
K = 2e-a+l (66) % 0.4375 0.733 0.235
by L S 0.3125 1 0.3125
ko = ! +6; +B 67) S5 0.3125 0.733 0.168
1

Example 4 To chooser andg, itis possible touse e.g. dead- ~ The model for the processor is a service provida)(

beat design [21], where the desired poles gi are all allo- ~ (Msp(@), b(s @), c(s, a)) where: Msp(a) is a stationary con-

cated at the origin, resulting in the characteristic polynial ~ trollable Markov chain with state s& = {so,sy,..., Ss5};

of the closed-loop system a&ZP= 2", where n is the order of control set#Al = {ao, &,...,as}, wherea; meansswitch to

the characteristic polynomial of the closed-loop systemd,a S, i = 0,1,....5. Since the switching costs (energy and

in the present case, & Then, usingr = 0andg = Othe pa-  time overheads) are neglected, the transitions betweearpow

rameters of the PI controller are evaluated in (68) and (69).States are considered deterministic. Each elempghia) of

A the transition matri@®"(a) is evaluated as in (70); the power

consumptiore(s, a) is the normalized powefi,v2 of the state
a -1 s, and the service ratg(s, a) is the normalized frequency of
ki = b, (68)  the states, as shown in Table 2.

o = 2 (69) SP(a)={ b si=s
by ps,sj-(a*)_{ 0, otherwise (70)



The service queuesQ Msq(a, s, r) of lengthQ = 1 has — — — Control signal, u(t)
state seQ = {qo, 1}, i.€., iNqp the service queue is empty, —— Estimate of request loss, [(t)
and inq; the service queue has one pending service request.

Consider a service request&H (Msr z(r)) with state
setR = {ro, r1} with functionz(r) identifying the number of
requests that the service requester issues per time sliee wh
in stater: z(rg) = 0, z(r;) = 1. The stateg represents an idle
state of the service requester, e.g. when neither the dpgrat
system kernel is running nor an active process needs the pro-
cessor. In the Linux scheduler, e.g., this situation takasep
when theidle processs scheduled [23]

It is important to notice that the power statesand s,
have the same frequencies &sand s; respectively. But,
in spite of having the same frequencies, they hafkedint
voltages. Thus, when using eithgrands,, it is interesting
to lower voltage as soon as possible. The blQukantizer
as shown in Fig. 25 has the functidg(u(t)) in (71), where
1-b(sy) and 1-b(s;) are made slightly less than-b(sz) and
1-b(ss) respectively, so that the states with lower voltage are
entering just after their higher voltages counterparts.

Command, a
o - N W »~ 00 O N

Time, t
ao, If u(t) <0.1250 Figure 29 — Test for collecting inputu(t) and output i(t) data.
a, if 0.1250< u(t) < 0.5620
2, if 0.5620< u(t) < 0.5625

a(t) = fo(u(t)) =1 as, if 0.5625< u(f) < 0.6870 transfer functiorGp(2) is shown in (76). Using the deadbeat
a,, if 0.6870< u(t) < 0.6875 controller design in Example 4, the parameters of the PI con-
as, if u(t)=0.6875 troller arekp = 9967289 andk, = 997.7299.

(71)
The Estimate request loddock (Fig. 25) applies the Al- A(Q) =1-0.99971 (74)
Since all the elements of th&rocessare specified, it is
necessary to estimate the process transfer funcig(z).
The experiment executed to collect the data was designed for Gr(2) = B(z) _ 0.001002 (76)

the worst case workload as in (72), i.e., there is an incoming A z-0.999

request every time The inputu(t) was designed to be rep- The performance penalty constraint is: maximum average
resentative of every commaadn (73) as shown in Fig. 29.  yequest loss of = 10%. Thus the 'setpoints(t) = 0.1. The

system model of this example is simulated foffelient sta-

SR fo M tionary service requesters, withp? = 0,0.1,0.2,...,1.0
P*P= 1o [ 0 0 ] (72)  and poR = 0,0.1,0.2,...,1.0. Two metrics were evalu-

M 1 1 ated to assess the performance of the power management ap-
] proaches:

0.6875, if t<10000

0.6870, if 10000<t < 20000 e P: average power consumption

0.5625, if 20000< t < 30000 R

0.5620, if 30000< t < 40000 e L: average request loss

0.1250, if 40000<t < 50000
u(t) = 0, if 50000< t < 60000
0.6875, if 60000<t < 70000
0.6870, if 70000<t < 80000
0.5625, if 80000< t < 90000
0.5620, if 90000<t < 100000
0.1250, if 100000<t < 110000
0, if 110000< t < 120000

Using the stochastic approach [4], the power consumption
(73) and average request loss are shown in Fig. 30. For some
workloads, the request loss is greater than the performance
constraint, and the policies optimized for these workloads
are not acceptable, as shown in Fig. 31. Among all of the
transition probabilities of the service requester, theimaxn
average request loss i5039.
Using the proposed technique of feedback control for
The ARX and ARMAX model structures were used for Markov modeled power-managed systems, the power con-
the estimation procedure with orders of the polynomialssumption and average request loss are shown in Fig. 32. For
in (58), (59) and (60) ranging from 1 to 11. The bestsome workloads, the request loss is slightly greater than th
fit was obtained for the ARX model structudgq)y(t) =  performance constraint, as shown in Fig. 32, but, among all
B(g)u(t) +e(t) with A(g) in (74) andB(q) in (75). The process of the transition probabilities of the service requestke t
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Figure 30 — Stochastic approach: power consumption and re-
quest losses of a power-managed system forfBrent transition
probabilities of the service requester ER).

O Average request loss < constraint

+ Average request loss > constraint

Figure 31 — Stochastic approach: policies which (do not) sesfy
the performance constraint.

maximum average request loss i4@3. Depending on the
power-managed system, thigférence of the maximum av-
erage request loss from the performance constraint (10%) The stochastic behavior of power-managed systems is ac-
may be neglected or the 'setpoin§(t) can be changed to curately modeled by means of controllable Markov chains.
a value slightly below . For some soft workloads, the re- Using this model, policies can be derived from the solution
quest loss is far less than the performance constraint,tandaf an optimization problem. But thefectiveness of stochas-
does not represent a limitation of the controller. Actually tic approach for power management depends on the accu-
it happens because these are soft workloads and the raterate identification of the system workload. In this work, an
requests per time slice is not enough to produce an averag@rkload estimation technique using a stochastic learning
request loss equal to the performance penalty, even with tHeased weak estimation was described. The identification de-
service provider in the state with lowest service rate. lay and sampling errorfiects found in stochastic learning-
The diference between the average power consumptiobased weak estimation were formally stated and analytical
of the stochastic control [4] and the feedback control isexpressions were derived.
shown in Fig. 34. If we consider only the stochastic policies The extension of battery lifetime througffieient energy
which satisfy the performance constraint, then some pointtilization has became one of the key challenges to the desig
are removed from the fierence plot in Fig. 34 to produce of embedded systems. We presented a battery-aware power
the plot in Fig. 35. For soft workloads, feedback control of-management technique that benefits from the relaxation ef-
fers less consumption than stochastic control. Besides, dsct of batteries, tradingtbperformance for battery lifetime
shown in Fig. 31, stochastic control is not able to satiséy th at run time in a non-stationary environment.
performance constraint for a intensive workloads and does In this work it was derived a discrete-time dynamic model
not fully exploit the opportunities for power saving for sof from the stochastic model of the power-managed system.
workloads. Thus feedback control guarantees that the lactu@ihe combination of feedback control and the Markov chain
performance penalty of the system follows the performancenodel of the power-managed system, wéisaive, resulting
penalty constraint and fully exploits power saving. in power policies which outperformed the previous stochas-

7. CONCLUSIONS AND FUTURE WORK
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Figure 32 — Feedback control: power consumption and request
losses of a power-managed system forfllerent transition prob-
abilities of the service requester §R).
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Figure 33 — Feedback control: policies which (do not) satigfthe
performance constraint.
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