Dynamic Voltage Scheduling Using Adaptive Filtering of Workload Traces

Amit Sinha and Anantha P. Chandrakasan

Department of EECS
Massachusetts Institute of Technology
Cambridge, MA 02139

e-mail: sinha@mit.edu, anantha@mtl.mit.edu

Abstract - An adaptive approach for dynamic voltage sched- formance loss is negligible. The crux of the problem lies in
uling on processors is presented based on workload prediction by the fact that future workloads are often non-deterministic. The
ﬁltgrlng a trace history. The effeqts of_update frequency and fil-  rgte at which DVS is done also has a significant bearing on
tering strategy on the energy savings is analyzed. A performance performance and energy. A low update rate implies greater
hit metric is defined and technigues to minimize energy under a workload averaging which results in lower energy (as we will

iven performance requirement are outlined. Our results demon- .
9 P d ) o . show). The update energy and performance cost is also amor
strate that up to two orders of magnitude energy savings is possi-

ble with dynamic voltage scheduling depending on workload tized over a Iarger time frame. On the other.ha_nd a low update
statistics. rate also implies a greater performance hit since the system
will not respond to a sudden increase in workload. In this
paper we propose a workload prediction strategy based on
adaptive filtering of the past workload profile. Several filtering

Dynamic Voltage Scheduling (DVS) is a very effectivegchemes are analyzgd. We also qefine a performance hit met-
technique for reducing CPU energy [1][2]. Most microprocestic which is used to judge the efficacy of the schemes. The
sor systems are characterized by a time varying computatiorfyaluation of some DVS algorithms on portable benchmarks
load. Simply reducing the operating frequency during perioa4as done in [3] and [4]. In [5] the scheduling of hard real-time
of reduced activity results in linear decrease in power coriasks on variable voltage processors is presented. Our
sumption but does not affect the total energy consumed p@Pproach is more general and illustrates important tradeoffs
task. Reducing the operating voltage implies greater critic€tween energy savings and performance.
path delays Wh'c.h In turn means that the peak performance 'S The energy savings from DVS can be substantial depend-
compromised. Significant energy benefits can be achieved bﬁ/ o - : .

- . . |Og on workload statistics. Although this is very desirable in

recognizing that peak performance is not always required an

therefore the operating voltage and frequency of the proces O(%rtable battery constrained systems, energy savings is

! . min [ly important in kt n rvers too. A
can be dynamically adapted based on instantaneous proceses(-:O g equally importa desktops and servers too

ing requirement. Figure 1 shows a 1 minute snapshot of the Vo' farm with 10.000 units each equipped with 100W pro-
(essors would require IMW power!

workload trace for three processors being used for three di
ferent types of applications: (i) a dialup server (characterized

by numerous users logging in and out independently), (ii) a Il. VARIABLE VOLTAGE PROCESSING

workstation (characterized by an interactive single user) and

(iii) a UNIX file server (characterized by intermittent A. Energy Workload Model

requests). The varying workload requirements are at once ysjng simple first order CMOS delay models it has been

apparent. shown in [1] that the energy consumption per sample is given
by
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whereC is the average switched capacitance per cytles

the sample period,es is the operating frequency &y, I is

the normalized processing rate ite= f / fgs andVg = (Vyes -

V})2IV,es With V; being the threshold voltage. The normalized

workload in a system is equivalent to the processor utilization.

The operating system scheduler allocates a time-slice and

resources to various processes based on their priorities and
state. Often no process is ready to run and the processor sim-

Time ) K " ply idles. The normalized workload, over an interval is sim-

Fig. 1. 60 second workload trace for three processors ply the ratio of t_he non-idle cycles to the total cycles, We:

(total_cycles - idle_cyclgd total_cycles The workload is

The ol f DVS s o adapt e pover suppy and operafile 1 eence o e b Toumur supby nd o
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rate is matched to the workload so that there are no idle cyclpsedict the efficiencyn(r) . Figure 2(a) also shows )

and utilization is maximum. Figure 2(a) shows the plot of noreurve after incorporating the efficiency of the DC/DC converter
malized energy versus workload as described by Equation ds shown in Figure 2(b) while Figure 2(c) shows the relative
for an ideal DVS system. The important conclusions from theurrent consumption as a function of the workload (again
graph are, (i) Averaging the workload and processing at thessuming an ideal DVS system with= r) as predicted by
mean workload is more energy efficient because of the convekquation 2. Efficient converter design strategies have been
ity of the E(r) graph and Jensen’s inequality [@&(r) = E(F) .explored in [7].

(ii) A small number of discrete processing rate levels (i.e supply

voltage,Vyq and operating frequencf),can give energy savings 11l. W ORKLOAD PREDICTION

very close to the savings obtained from arbitrary precision DVS.

A. System Model

12 —— Figure 3 shows a generic block diagram of the variable volt-

age processing system. The ‘Task Queue’ models the various

events sources for the processor e.g. I/O, disk drives, network

links, internal interrupts, etc. Each of timesources produce

B events at an average rate\yf (k=1, 2, .. ,n). An operating sys-

| DVS with converter efficiency ¥ | tem scheduler manages all these tasks and decides which pro-
cess gets to run on the processor. The average rate at which

events arrive at the processorAs= y A, . The processor in

turn offers a time varying processing raté). The operating
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02 | system kernel measures the idle cycles and computes the nor-
__ = & ldealDVS malized workloadwv over some observation frame. The work-
T e & s load monitor sets the processing ratebased on the current
Workload (r)

(@) workload,w, and a history or workloads from previous observa-
tion frames. This rate in turn decides the operating voltage

| V(r) and operating frequendyr) which is set for the next obser-
vation slot. The problems that we address in this paper are: (i)
What kind of future workload prediction strategy should be
used? (ii) What is the duration of the observation slot i.e. how
frequently should the processing rate be updated? The overall
objective of a DVS system is to minimize energy consumption
under a given performance requirement constraint.
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B. Variable Power Supply w| |[f(r)

A variable power supply can be generated using a DC/DC
converter which takes a fixed supply and can generate a variable
voltage output based on a pulse-width modulated signal. It
essentially consists of a power switch and a second order LC fil-
ter and is characterized by an efficiency which drops off as the
load decreases as shown in Figure 2(b). At a lower current load, Fig. 3. Block diagram of a DV'S processor system
most of the power drawn from the supply gets dissipated in the
switch and therefore the energy gains from DVS are proportion-
ate!y rgduced. Usmg a technique similar to the one used in t@? Markov Processes
derivation of Equation 1, the a first order current consumption

Variable Voltage
Processop(r)

equation can be expressed as A stochastic process is called a Markov process if its past has
no influence on its future once the present is specified [8]. Con-

) = | Mo [ Ve r, [ Ve ol (2) sider the sequencdk] = ax{k-1] + n[K], wheren[K] is a white

ref Viet| Vo 2 Vo o0l noise process. Clearly, at instaricehe proces¥[k], does not

depend on any information prior to instank€. The precise

wherel g is the current drawn & . Using the DC/DC con-  gefinition of this limited form of historical dependency is as fol-
verter efficiency graph and the relative load currgn), we can



lows: X is anN™ order Markov process if its probability distri- present results showing the prediction performance of each of
bution functionPy;, satisfies the filters.

Pxpig(YIX[k=1], X[k=2].... X[0]) 3) Moving Average Workload (MAW) - The simplest filter is a
= PX[k](y‘ X[k=1].X[k=2]....X[k=N]) time-invariant moving average filtem,[k] = 1/N for all n andk.
i.e. the presenil values contain all the information about theThis filter predicts the workload in the next slot as the average of
past evolution of the process that is needed to determine tH workload in the previoul slots. The basic motivation is
future distribution of the process. that if the workload is truly amN™ order Markov process, aver-
aging will result in workload noise being removed by low pass
Markov processes have been used in the context of Dynanfigering. However, this scheme is might be too simplistic and
Power Management (DPM). In [9] a continuous-time, controllamay not work with time varying workload statistics. Also, aver-
ble Markov process model for a power managed system is intraging results in high-frequency workload changes being
duced and DPM is formulated as a policy optimization problentemoved and as a result instantaneous performance hits are high.
We propose to use Markov processes in the context of workload
prediction i.e. we propose to predict the workload for the next EXxponential Weighted Averaging (EWA) - This filter is

observation interval based on workload statistics of the previol@sed on the idea that effect of workldeslots before the cur-
N intervals. rent slot lessens dsincreases, i.e. it gives maximum weight to

the previous slot, lesser weight to the one before and so on. The
filter coefficients areh,[K] = a’k, for all n, with a chosen such
that ) h [K] = 1 andais positive. The idea of exponential

Let the observation period B Let w[n] denote the average weighied averaging has been used in the prediction of idle times
normalized workload in the intervgh—1)T <t<nT . Attime for dynamic power management using shutdown techniques in
t = nT, we must decide what processing rate to set for the negtvent driven computation [11]. There too the idea is to assign
slot, i.e.r[n+1], based on the workload profile history. Ourprogressively decreasing importance to historical data.

workload prediction for then(+1)th interval is given by
N—1 Least Mean Square(LMS) - It makes more sense to have an

Wp[n +1] = z h [KIw[n— K] @) adaptive filter whose coefficients are modified based on the pre-
k=0

C. Prediction Algorithm

diction error. Two popular adaptive filtering algorithms are the

Least-Mean-Square (LMS) and the Recursive-Least-Squares
whereh[K] is anN-tap, adaptable FIR filter whose coefficients(RLS) algorithms [12]. The LMS adaptive filter is based on a
are updated in every observation interval based on the errgichastic gradient algorithm. Let the prediction errong] =
between the processing rate (which is set using the workloggn] - Wp[n], wherewg[n] denotes the error anel[n] denotes the
prediction) and the actual value of the workload. actual workload as opposed to the predicted worklagih]

. . from the previous slot. The filter coefficients are updated
Most processor systems will have a discrete set of operatm% : .
: SR . atcording to the following rule
frequencies which implies that the processing rate levels are
Mo 1[K] = N[K] + pwe[nJw[n—K] (7)

guantized. The StrongARM SA-1100 microprocessor, for

instance, can run at 10 discrete frequencies in, the range\%ereu is the step size. Use of adaptive filters has its advan-
59MHz to 206MH2 [10]. As we shall's';how later, discretization; ;as and disadvantages. On one hand, since they are self-
of the processing rate does not significantly deg'rade the ener@é,gsigning, we do not have to worry about individual traces. The
savings from DVS. Let us assume that therelatiscrete pro-  fiers can ‘earn’ from the workload history. The obvious prob-

cessing levels available such that lems involve convergence and stability. Choosing the wrong
rOR R = F 2 1} (5) number of coefficients or an inappropriate step size may have
Lt [ very undesirable consequences. RLS adaptive filters differ from
. o LMS adaptive filters in that they do not employ gradient
where we have assumed a uniform quantization inteiva,1/ descent. Instead they employ a clever result from linear algebra.

L. We have also assumed that the minimum processing rate ISIr]r practice they tend to converge much faster but they have
L sincer = 0 corresponds to the complete off state. Based on trpﬁ

workload predictionwp[n+1], the processing ratgn+1] is set gher computational complexity.
such that Expected Workload State(EWS) - The last technique is
rn+1] = (w[n+ 1] WA (6) based on a pure probabilistic formulation and does not involve
any filtering. Let the workload too be discrete and quantized like

e th . : level i b h di the processing rate as shown in Equation 5 with the state 0 also
I.e. the processing rate Is set to a level just above the predicted,jeq. The error can be made arbitrarily small by increasing

workload. the number of leveld,. LetP = [p;], 0<i<L,0<j<L ,denote
_ a square matrix with elemengtg such thap; = Prob{ w{r+1] =
D. Type of Filter w; | w{r] = w; } wherew represents thif" workload level out of

We have explored four types of filters. In this section we outtheL+1 discrete levels. TherefoRis the state transition matrix
line the basic motivation behind each of the filters and later



with the property thatz P = 1 . The workload is then pre- IV. ENERGY PERFORMANCE TRADEOFFS
dicted as
A. Performance Hit Function
win+1] = E{w[n+1]} = Z Wi Pjj (8) Definition: The performance hitp(At), over an a time frame
= At, is defined as the extra time (expressed as a fractiakt)of

wherew[n] = w; andE{.} denotes the expected value. The prob-required to process the workload over tidiieat the processing
ability matrix is updated in every slot by incorporating therate available in that time frame.
actual state transition. In general thlej()th state can depend on
the previoudN states (as in A order Markov process) and the
probabilistic formulation is more elaborate.

Let wy; andr n; respectively denote the average workload and
processing rates over the time frame of inteststThe extra
number of cycles required ( assuming; > rp; ) to process the
entire workload is Wat fnat - Fat fmaddt ) wheref o is the
maximum operating frequency. Therefore the extra amount of
time required is simply Wat fnat - Fat fmadt ) / Tat fmax
Therefore,

| ooy = T Ta ©)
At

o
s
5]

If wj; < Tptthen the performance penalty is negative. The way to
interpret this is that it is a slack or idle time. Using this basic
deﬁnmon of performance penalty we define two different met-
rics: (pmaX(At) and (pa (At) which are respectively the maxi-
mum and average performance hits measured fveéme slots
spread over an observation period
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Fig. 4. Prediction performance of the different filters
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Figure 4 shows the prediction performance in terms of Root-
Mean-Square error for the 4 different schemes. If the number of
taps is small the prediction is too noisy and if its too large there
is excessive low pass filtering. Both result in poor prediction. In
general we found that the LMS adaptive filter outperforms the .
other techniques and produces best results With3 taps. The |
adaptive prediction of the filter is shown for a workload snap- «— > Co Time
shot in Figure 5. T _JAth_

Workload / Processing rate

Fig. 6. Performance hit, settling time notions

Workload
— — Perfect !

o= Fresieed b Figure 7 shows the average and maximum performance hit as
| a function of the update tim& for a moving average prediction
usingN = 2, 6 and 10 taps. The time slots used wite 1s and

the workload trace was that of the dialup server. The results
have been averaged over 1 hour. While the maximum perfor-
mance hit increases dsincreases, the average performance hit
decreases. This is becauserlaacreases the excess cycles from
one time slot spills over to the next one and if the slot has a neg-
ative performance penalty (i.e. slack / idle cycles) then the aver-
age performance hit over the two slots decreases and so on. On
the other hand, aE increases, the chances of an increased dis-
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o 10 20 B a0 %0 %0 parity between the workload and processing rate in a time slot is
Time (s) more and the maximum performance hit increases.
Fig. 5. Workload tracking by the LMS filter

This leads to a fundamental energy-performance tradeoff in
DVS. Because of the convexity of thgr) relationship and
Jensen’s inequality, we would always like to work at the overall



average workload. Therefore, over a 1 hour period for exampll our experiments, the time resolution for workload measure-
the most energy efficient DVS solution is one where we set theent was 1 second. Since we want to work at averaged work-
processing rate equal to the overall average workload over thédhd this is not a problem unless there are very stringent real-
hour period. In other words, increasiigeads to increased time requirements. The other advantage of using a lower time
energy efficiency. On the other hand, increasinglso increases resolution is that the workload measurement subroutine does not
the maximum performance hit. In other words the system migltself add substantial overhead to the workload if the measure-
be sluggish in moments of high workload. Maximum energynent duty-cycle is small. The update latency is of the order of
savings for a given performance hit involves choosing the maxi:0Qus and since this is insignificant compared to our minimum
mum update timd such that the maximum performance hit isupdate time we have used Equation 9 instead of Equation 10.
within bounds as shown in Figure 7.

In most DVS processors, there is a latency overhead involve& Optimizing Update Time and Taps

in processing rate update. This is because there is a finite feed-The above conclusion that increasing the update fime
back bandwidth associated with the DC/DC converter. Normallsesults in the most energy savings is not completely true. This
a good voltage regulator can switch between voltage output lewould be the case with a perfect prediction strategy. In reality if
els in a few tens of microseconds. Changing the processor clogle update time is large, the cost of an overestimated rate is
frequency also involves a latency overhead during which th@ore substantial and the energy savings decrease. Since we are
PLL circuits lock. In general, to be on the safe side, voltage angsing discrete processing rates (in all our simulations the num-
clock frequency changes should not be done in parallel. Whilser of processing rate levels is set to 10 unless otherwise stated),
switching to a lower processing rate, the frequency should firaind we round off the rate to the next higher quanta, using a
be decreased and subsequently the voltage should be lowerethtger update time results in higher overestimate cost. A similar
the appropriate value. On the contrary, switching to a highetrgument holds for the number of taps A very small N
processing rate requires the voltage to be increased first folnplies that the workload prediction is very noisy and the
lowed by the frequency update. This ensures that the voltag@ergy cost is high because of widely fluctuating processing
supply to the processor is never lower than the minimumates. A very largé\ on the other hand implies that the predic-
required for the current operating frequency and avoids data caien is heavily low-passed and therefore sluggish to rapid work-
ruption due to circuit failure. However, in [13] the update isload changes. This leads to higher performance penalty.
done in parallel because the converter and the clock updéatgyure 8 shows the relative energy plot (normalized to the no
latency are comparable (approximately 48] and it still DVS case) for the dialup server trace. The period of observation
works. was 1 hour. The energy savings showed a 13% variation based

on whatN and T were chosen. The filter was once again the

moving average type. The implications of the above discussion
osy is at once apparent.

Performace Hit

ive Energy

Relati
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Tmax Update Time (s)

Fig. 7. Average and maximum performance hits

We denote the processing rate update latencydyor set-
tling time). It is possible to incorporate this overhead in the per- Update time (T) (s) Filter taps (N)
formance hit function. Over the update time T, the extra number
of cycles is now equal to\a; fmaxT - Fat fmadT - TS)) and the
corresponding performance hit function becomes

T
v s(

S/’vAt - rm%l— T 10) V. RESULTS

r Table | summarizes our key results. We have used 1 hour

Fig. 8. Average and maximum performance hits

o(T) = N



workload traces from three different types of machines over dif- Finally, the effect of processing level quantization is shown
ferent times of the day. Their typical workload profiles weran Figure 9. As the number of discrete levdlsjs increased, the
shown in Figure 1. The Energy Savings Ratio (ESR) is definelSR gets closer to the perfect prediction case.lFerl0 (as

as the ratio of the energy consumption with no DVS to thavailable in the StrongARM SA-1100) the ESR degradation due
energy consumption with DVS. Maximum savings occur wheto quantization noise is less than 10%.

we set the processing rate equal to the average workload over
the entire period. This is shown in the ‘Max’ column of ESR
and we can see that energy savings from a factor of 2 to a few
100s is possible depending on workload statistics. Maximum Dynamic Voltage Scaling is a very effective technique to
savings is not possible because of two reasons: (i) The maxgduce processor energy consumption without causing signifi-
mum performance hit increases as the averaging durationGant performance degradation. Up to two orders of magnitude
increased, and (ii) It is impossible to know the average workloa@N€rgy savings is possible on low workload processors. Maxi-
over the stipulated period priori. The filters haveN = 3 taps Mum energy savings occur if the processing rate is set to the
and an update tim& = 5s, based on our previous discussion an@verall average workload. This however is generally infeagible
experiments performed. The ‘Perfect’ column shows the ESRiori and even if possible leads to high performance penalties.
for the case where we had a perfect predictor for the next obsé&requent processing rate updates ensure that the performance
vation slot. ESRyax / ESReeriecireflects the factor by which penalty is limited. The faster the update rate, the lower the
energy savings is reduced because of update évegconds. €nergy savings and the lesser the performance penalty. Work-
The ‘Actual’ column shows the ESR obtained by the various filload prediction is required to set the processing rate for each
ters. In almost all our experiments the LMS filter gave the bestpdate slot. Adaptive LMS filtering can be used to predict work-
energy savings. The last two columns are the average and mdggds. Normally a filter with 3-5 taps is good.

mum performance hits. The average performance hit is around

VI. CONCLUSIONS
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