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Abstract

Power aware computing has become popular recently and reahgijues have been pro-
posed to manage processor energy consumption for traditieal-time applications. In this
paper, we are concerned mainly with the AND/OR model of temaé applications that have
different execution paths consisting of different taskse Tontribution of this paper is twofold.
First, we propose a greedy slack stealing algorithm to déidl applications represented by
AND/OR graphs and prove its correctness in terms of meetiegitming constraints. Then,
using statistical information about the applications, wepose a few variations of speculative
scheduling algorithms that intend to save energy by redutiie number of speed changes
(and thus the overhead) while ensuring that the applicatieets its timing constraints. Some
practical issues are also considered, such as shared meaetays contention and idle energy
consumption. The performance of the algorithms is analyzédrespect to processor energy
savings. The results surprisingly show that the greedksitealing scheme is better than some
speculative schemes and that the greedy scheme is goodrewbieg a reasonable minimal

speed exists in the system or when there are only a few (41&)gespeed levels.

Index Terms: Power-Aware Scheduling; AND/OR; Real-Time Systems

1 Introduction

Power aware computing has recently become popular not only for hand-held devices #hat hav
limited energy supply but also for large systems consisting of multiple proceés.g., complex
satellite and surveillance systems, data warehouses or web serasj farhere the cost of energy
consumption and cooling is substantial. Since processors consume substantial Brewast |
systems, many techniques have been proposed to reduce the processor energy consuwaiption,

as low-power processor design [3] and dynamic voltage scaling (DVS) [14, 15¢dBasDVS



techniques, many works have been proposed to manage the processor energy consumption when
executing the traditional AND-model applications in real-time systemsZ32§,where a task is
readyto execute when all its predecessors complete execution [11]. But thisdral AND-
model cannot describe many applications encountered in practice, where sir@a#tyl to execute
when oneor moreof its predecessors finish execution, and onenoreof its successors become
ready to be executed after the task finishes execution. A real-life eratingl falls within this
AND/OR model is an automated target recognition (ATR) application, whietidely used and
requires real-time processing [24]. The control flow of most practical agmita also has OR
structures, where execution of the sub-paths depends on the results of previous tastmel
applications, the probability of the paths to be executed is also known apriorndsecabtained
from profiling. To represent all these features, we extend the AND/OR modelagesd in [11].

In this paper, we extend the work in [28] and consider the AND/OR model applicatitfes.
propose thgreedy slack stealinglgorithm that incorporates the AND/OR features and prove its
correctness with respect to meeting applications’ timing constraints whkecuting on a shared
memory N-processor system. While achieving some energy savings, the greedghalgmiries
out many voltage/speed changes. Considering the timing and energy overheadchgé/spiéed
adjustment, along with the statistical information about the applicationstway a few variations
of speculative scheduling algorithms that intend to save more energy by reducingrttieer of
voltage/speed changes (and thus the overhead) while ensuring that the appli¢atimgston-
straints will not be violated. We take into account shared memory access ¢oni@mtergy spent
in idle periods, speed adjustment overhead and the effects of discretge/sjiaed levels.

The performance, with respect to processor energy savings, is evaluated tnowdgtions.
The results surprisingly show that the greedy scheme is better than some speadhemes,
especially when the system has a reasonable minimal speed or when thereyaacfewl(4-6)
voltage/speed levels. Less surprisingly, the effects of voltage/suestment overhead increase

when the size of application decreases or the amount of available slacks=crea

1.1 Related Work

For uniprocessor systems, Yat al. described an off-line scheduling algorithm for independent

tasks running with variable speed, assuming worst-case execution timegag¢d on dynamic



voltage scaling (DVS) technique, Mossgal. proposed and analyzed several schemes to dynam-
ically adjust processor speeds using slack reclamation, where stdtisfarmation about task’s
run-time was used to slow down the processor speed evenly and save more[2hgrdy [25],
Shinet al. set the processor’s speed at branches according to the ratio of the longest {hath to
taken path from the branch statement to the end of the program, but the fine gruafiigrbking
speed changes (at each the basic block) incurs high overheads. Kuaharedict the execution
time of tasks based on the statistics gathered about execution times of presgi@nees of the
same task [17]. Their algorithm is adequate for soft real time systemssewéral task priority
levels. Using stochastic data while taking into account the actual run-titmevioe about tasks,
Gruian proposed a two-phase (offline and online) algorithm for hard real-timensystéh fixed
priority assignment for tasks [13]. The best scheme is an adaptive one thattakegressive
approach while providing safeguards that avoid violating the application deadin&s][

When considering the limited voltage/speed levels in real-life unipsmss Chandrakasast
al. have shown that, for periodic tasks, a few voltage/speed levels are enffficiachieve almost
the same energy savings as infinite voltage/speed levels [6]. €tlkli also proposed a set of
scheduling algorithms (static and dynamic) for periodic tasks based on EDFM&dding policy.
The simulation (assuming 4 speed levels) as well as the prototype impldmerdlaow that the
algorithms effectively reduce energy consumption ufitéh compared to no power management
[22]. AbouGhazalelet al. have studied the effect of the voltage/speed adjustment overhead on
choosing the granularity of inserting power management points in an application [1]

For multi-processor systems, with AND-model applications that have fix@ddets and pre-
dictable execution times, static power management (SPM) can be acsbetpby deciding be-
forehand the best voltage/speed for each processor [12]. For system-on-chips) (8@Gwo
processors running at two different fixed voltage levels, Yaingl. proposed a two-phase schedul-
ing scheme that minimizes the energy consumption while meeting the timing&@otstry choos-
ing different scheduling options determined at compile time [26]. Although they deresd the
application’s dynamic behavior at the task set level, they did not consider tasksinne behav-
ior. For AND-model applications, we previously studied the dynamic voltage/spjadtiment
schemes on multi-processor systems and proposed two dynamic management aldoatiechs

slack sharing for independent tasks and dependent tasks [28]. The effect of discrete voltage/speed



levels and voltage/speed adjustment overhead on the performance in temesgpf savings of the
dynamic management algorithms is also studied in [28], where we show thagtrélahs can

save up to 50% energy compared with SPM, even considering overhead.

The paper is organized in the following way. The application model, power modedyateim
model are described in Section 2. The greedy slack stealing algorithm is pddposgplications
represented by AND/OR graph and its correctness is proved in SectiortBorb4 proposes a few
variations of speculative algorithms using the applications’ statistidalmation. Practical con-
siderations, such as shared memory access contention and processor energytonsiuring
idle period, are discussed in Section 5. Simulation results are given alydesh@n Section 6 and

Section 7 concludes the paper.

2 Models

2.1 Application Model: AND/OR Graph

The AND/OR model is an extension of the model presented in [11] and is reprebgraetirected

acyclic graphG(V, E), where the vertices il represent tasks or synchronization nodes, and the
edgest C V x V represent the dependencies between vertices. The graph represents both the
control flow and data dependence between tasks; if the immediate predecessor:gf there

is an edge: :: v; — v; C E, which means that, in general, depends om,. In other wordsyp;

becomeseadyfor execution only aftep; finishes execution.

Computation 0
node

< mone (15 (1) ()
@ OR node 0

a. AND structure b. OR structure

Figure 1. The AND and OR Structures; with the maximum and average length foiceatputa-
tion node.

There are three different kinds of vertices in this model: computation nodes, #ddes, and
OR nodes. As shown in Figure 1, a computation nddeis represented by arcle and labeled

by its two attributes¢; and«;, which are the maximum and average computation requirement (in
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terms of number of cyclé¥, respectively, off;. An AND node is represented bycdiamond an
AND node depends on all its predecessors (that is, it can be executed onl\laftgradecessors
finish execution) and all its successors depend on it (that is, all its scsesre executed after it
finishes execution). It is used to explore the parallelism in the applicati@mawvn in Figure la.
An OR synchronization node is represented lmoable circle which depends on only one of its
predecessors (that is, when any one of its predecessors finishes execugioegdlyi for execution)
and only one of its successors depends on it (that is, exactly one of its successeuied after
its execution). It is used to explore the different execution paths in the afipiicas shown in
Figure 1b. To represent the probability of taking each branch after an OR syndroninode, a
number is associated with each successor of an OR node. The AND/OR nodes &leredres
dummytasks with the number of required cycles beindror a synchronization node with non-zero
computation requirement, it is easy to transform it to a synchronization node emah@utation
node. The application represented by the AND/OR graph has a dedtline

For simplicity, we only consider the case where an OR node cannot be processedemahcurr
with other paths. In other words, all the processors will synchronize at an OR noelelefivie
segmenas a set of tasks that are separated by two adjacent OR nodes. There i@lessgveents,

one for each of the branches, between two adjacent OR nodes.

Figure 2: Expanding Loops: a. Serially (left); b. In parallel (right).

For loops in the AND/OR model, assuming that we know the maximum number of iterations,

m, and the corresponding probabilities to execute specific number of iterationaywvagther treat

For a specific architecture, we assume that the number ofsyolexecute a task is independent of the processor
speeds. This assumption was justified experimentally ih [19
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the whole loop as a single task that kaanda; (computed as the maximum and average number
of cycles needed to execute the entire loop, respectively) or we can expand thaslgeperal
tasks. Based on the dependency between the iterations in a loop, there areysvio \e@apand

the loop. If there is a dependency between iterations (i.e., iterationn depends on iteration

1,1 =1,---,m — 1), the loop can only be expanded serially (Figure 2 left), where each branch
represents the case of a specific number of iterations to be executed. Ifsheralependency
between iterations (two parallel lines across the back edge of the loop ataaisepict this
property), to explore the parallelism, the loop can be expanded in parallel (Rigugat). In
Figure 2, the probability,; of having; iterations is associated with the corresponding successor of
the OR node.

2.2 Power Management Points

In [21], we proposed that the user or the compiler inserts a power management poijtgPthe
beginning of each program segment. At each PMP, a new speed is computed basedma the t
taken so far and an estimation of the time for future tasks. If the new spafiarent from the
current processor speed, the speed/voltage setting procedure is invoked.

For the AND/OR model proposed above, we assume that there is a PMP before eadh nede
the maximum schedule length (in cycles) when all tasks in the application rundara specific
system. The average schedule length (in cyclds),s defined analogously. Boil,. andII, are
associated with the PMP before the first node in the graph. For example, in Figlife2& if the
number of processors\) equals3, whileII. = 9 if N = 2 due to a smaller degree of parallelism.
Assuming that there are: branches after an OR node, for the PMP before the OR node, two
values,IT. andII’, are associated with each brariglf; = 1,...,m). These values represent the
remaining maximum and average schedule length (in cycles), respectiely,brancl; is taken.

We assume that all these values are obtained from profiling.

2.3 Power and System Models

The power consumption for CMOS processors is dominated by dynamic power dissipation
which is given by:P; = C.; - V2 - f, whereC,; is the effective switch capacitancg,, is the

supply voltage and is the processor clock frequency. Processor spgad almost linearly related



to the supply voltagef = - ﬁVddT;deﬁ wherek is constant andl; is the threshold voltage [3, 7]. In
this paper, we do not consider processor static power dissipation. The procesggramsumed
to execute task; is given ast; = C.; - V2 - C;, whereC; is the actual number of cycles needed to
executel;. When decreasing the processor speed, we also reduce the supply voltage. Thas reduc
processor power consumption cubically and energy consumption quadratically at timsexjbe
linearly decreasing the processor speed and linearly increasing theieretiaue of a task.

For example, consider a task that execut#scycles. At the maximum speef,.., it will take
# time units. If we have - °— time units allocated to this task, we can reduce the processor
speed and supply voltage by half while still finishing the task on time (relwallthe number of
cycles needed to execute a task does not vary for different processor spdedgjodessor energy

consumption after reducing the speed would Bé:= P’ -+ = C,y - (144)? - Lze= . (2. 1) =

1 Cer Vi frnaw - ( 10% ) — 1+ E, whereE is the processor energy consumption with,,. From

fmaa:

now on, we refer t@peed adjustmeiss both changing the processor supply voltage and frequency.

Table 1: Speed and Supply Voltage of Transmeta 5400

f(MHz) || 700 666 633 600 566 533 500 | 466
Vaa(V) 1.65|1.65|1.60|1.60|1.55|1.55|1.50| 1.50
f(MHz) || 433 400 366 333 300 266 233 200
Vaa(V) 1.45]11.40|11.35(1.30(1.25|1.20|1.15| 1.10

Table 2: Speed and Supply Voltage of Intel XScale

f(MHz) || 1000 | 800 600 400 150
Vaa(V) 1.80 |1.60 | 1.30 | 1.00 | 0. 75

For real processors, the supply voltage may not decrease linearly with repiwmesdsor speed,
which is different from the assumptions in many published papers. In this papegnsider two
real processor models. First, in the Transmeta model [15], the voltagd/spemgs are given as
in Table 1. There are 16 voltage/speed settings betwe@W Hz(1.65V) and200M Hz(1.10V).

The second power configuration is the Intel XScale model [14], with the voliaeedssettings
as shown in Table 2. Note that Intel XScale has a wider voltage/speed ramgi¢h@ransmeta
model but fewer voltage/speed levels. If tlié-cycle task is executed on an Intel XScale processor

and is allocated@0. s instead ofl s, we can run the task at the spee@od M H = (notice that the
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speed ob00M H =z does not exist in the Intel XScale model and the speed is rounded to the next
higher level) instead of GHz. Thus, at the reduced speed, the processor energy consumption is
% = 52% of that ati G H . Compared with ideal processor model, less energy saving is obtained.

When a processor is not executing a task (i.e., the procesatiejswe can put it into a lower
power state (e.ghaltor sleep) to save more energy. For the processors considered in this paper, we
assume that they havepawer-savingstate for each different speed, which consuni&s of the
corresponding power, and the transition time out of this power-saving stateyisivert (several
cycles). We also assumesteepstate which consumets/ of the maximal power. However,
returning to an operating state from the sleep state takes thousands of &{;I&S][

We consider systems that have identical processors with shared memory. The application
characteristics and state are kept in the shared memory. All tasksiirgo a global queue when
they are ready. Each processor executes the scheduler independently andthetdhsks from
the global queue as needed. For simplicity, no cache hierarchy is considered @sosetcate on
processor energy consumption. The shared memory must be accessed in a mutuakexalys

we consider memory access contention in Section 5.

3 Greedy Algorithm for AND/OR Graph

Since list scheduling is a standard technique used to schedule tasks with poecealestraints [8],
we will focus on list scheduling in this paper. List scheduling puts tasks intadyrgueue as soon
as they become ready and dispatches tasks from the front of the ready queue to pso¥eéksor
more than one task is ready at the same time, finding the optimal order of theltasksrtiimizes
execution time is NP-hard [8]. In this paper, we use livegest-task-first (LTFheuristic [28]
which adds tasks to the ready queue in the order of their maximum computation requiveimea
the tasks become ready at the same time. Note that the LTF heuristic is no&bplimat is, the
algorithm may reject an application due to potential deadline miss even Wkespplication is
schedulable.

Since tasks exhibit a large variation in actual computation requirementnandny cases, only
need a small fraction of their maximum number of cycles [9], unused cyclesufiesed time) can
be considered aslack We say that there istatic slackin the system if an application executes

for its maximum number of cycles witfi,... but still finishes before its deadlin®ynamic slack
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Figure 3:Greedy Algorithms with Static Slack: (a-d) SPM+Greedyhjesreedy Slack Stealing.

is generated when a task of the application executes less than its maximumemaincycles or

the execution of the program does not follow the longest branch after an OR node. lighere
some slack in the system and a tdgkcan use the processor for longer than its worst case timing
requirement (i.e.ﬁ), the system can appropriately slow down the processor while executing the

task to save energy.

3.1 SPM + Greedy vs. Greedy Slack Stealing

In static power management (SPM), all tasks share the static slack pooabto their maximum
computation requirement; during execution, a dynamic greedy algorithm is appliet [2&]laim
the dynamic slack due to less-than-maximum executions.

In this paper, we propose greedy slack stealingGSS) technique composed of two parts,
namely,slack stealinganddynamic greedyIn slack stealingthe static slack is reclaimed by the
first task on each processor while shifting all other tasks toward the deadduring execution, a

dynamic greedy algorithm is applied to reclaim the dynamic slack both due tthi@ssnaximum



executions and shorter-branch executions. In Figure 3, we illustrate theeditke between SPM
+ Greedy (Figures 3a-d) and Greedy Slack Stealing (Figures 3e-h). Notaithsinple example
assumes a single processor and an application with no branches (see Figur&3.4 and

In the figure, the X-axis represents time, the Y-axis represents processar @peycles per
time unit), and the area of the box represents the number of cycles needed to ¢Redatsk.
First, SPM uses the static sla¢k to uniformly slow down all the tasks and makes the application
finish just in time (Figure 3b). The expected end tinAd{7;) for 7; in the schedule after applying
SPM is also labeled. Figures 3c-d show how the dynamic greedy scheme worksRiMelrs
contrast, slack stealing shifts all tasks toward the deadline and uss&titeslackZ, for slowing
down the processor when executifig the shifted start timeqST;) for T; is labeled (Figure 3f).
The dynamic greedy after the slack stealing is shown in Figures 3g-h.

In this paper, we will focus on the slack stealing scheme. First, itsg &aclaimZ, and the
slack from different branches after the OR nodes using the same idea of ®#atkgt Second,

SPM can only claint., while missing the slack from different branches after the OR nodes.

3.2 Details of Greedy Slack Stealing (GSS) Algorithm

In the following, we will further explore the application’s dynamic charactessboth at the task
set level (different execution paths) and at the task level (less+#ttmtimum execution). GSS
algorithm considers the characteristics of the AND/OR model; we show haxdrrect with re-

spect to meeting the timing constraints when executing on an N-processed shemory system.

The GSS algorithm consists of two phasesp#Hine phaseand anon-line phase

3.2.1 Off-line Phase of GSS

The off-line phase is used to collect and compute the timing information about aicampl
running on a specific system with processor speed $&t.at It is a two-pass process. To illustrate
the concept and show how the off-line phase works, we use the example shown in Fighezel, w
each node depicts a task (recall that each synchronization node is considerddnasig task).
The computation nodes are labeleddys; (in units of10° cycles).

In the first pass, using list scheduling with LTF heuristic, we generatedhenical schedule

for all the segments, where all tasks execute for their maximum number of cjf¢dlesmaximum
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Figure 4. The AND/OR Graph for an Example Application.

schedule length (in cycles) for the application is computeflasFor the branches after an OR
node, the maximum remaining schedule length (in cycles) needed along bfasclomputed as
I1:. Further]I, andII} are computed analogously as the weighted average schedule length needed.
Thestart timeof taskT; in the canonical schedule is recordedsds’. Theexecution ordeof task
T; in the canonical schedule is recordediS;. We maintain the same execution order of tasks
in the on-line phase to meet the timing constraints. The execution order of an ORsntbae
maximum execution order of its predecessors plus one. Tasks on different brartehesmadR
node have the same execution order since they are not executed at the same time.

For the example running on a dual-processor system fyith = 1G H z, the canonical schedule
is shown in Figure 5a. Notice that the synchronization nodes are considered as daskmgrnd
are shown as bold vertical lines. The dotted rectangles represent the preggaments that are,
as a whole, executed or not executeddggrated segmeht The longest path of the application is
shown in bold in Figure 4.

EQ; andSTy for T; are shown in Table 3. For example, the execution ord&sofan OR node)
is larger than the maximum execution order of its predecesgorqwith £FO,; = 14) and Ty
(with EO,5 = 20), that is,EOz9 = max{EO;7, EO%} + 1 = max{14,20} + 1 = 21. T}; and
T, are on different branches aftéy, (an OR synchronization node) and will not be executed at
the same time; they have the same execution order. The val$&s afre recorded as the tin’e

starts execution.

For the example, it take% = 12;'02,06 = 12ms. If the deadlineD < 12ms, the algorithm fails;
otherwise, assumin@ = 14ms > 12ms (see Figure 5a), the second pass of the off-line phase

prepares to steal the slack by shifting the canonical schedule as late ddgotmsgard the deadline.
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Figure 5. The Schedules for The Example in Figure 4

Table 3: Off-Line Variables of The Example

T T T3 Ty Ts T 17 T To | Tio | Th1 | Tho | Ths | Thq | Tis | The | Ti7
FO; 1 2 3 4 5 6 7 8 9 10 11 11 12 13 12 13 14
STE 0 0 0 2 2 2 4 6 6 6 6 6 6 6 6 6 10

SSTic 2 2 2 4 4 4 6 8 8 8 8 9 8 8 9 9 12

Tig | Thg | Too | To1 | Too | To3 | Toq | Tos | Toe | To7 | Tog | To9 | T30 | T31 | T32 | T3s
FO; 14 15 16 16 17 18 17 18 19 19 20 21 22 23 24 25
STE 7 7 7 7 7 7 7 7 9 8 9 10 10 10 10 12

SSTE 10 10 10 11 10 10 11 11 12 12 12 12 12 12 12 14

For each task’;, we define theeanonical shifted start timeS.STy) as the timel; starts execution

in the shifted canonical schedule. It is the time by wHi¢imuststart execution for the remaining
tasks to meet the deadline, providing that the tasks in the same integrateehsdémve the same
shifting factor; that is, if task; is in the same segment &s SST; — ST; = SST; — ST;. Notice

that the shifting is a recursive process when there are nested OR $#IESis used to claim the
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slack forT; at run time. Thecanonical shifted end tinfer taskZ; in the shifted canonical schedule
is defined a® ETy = SSTY + 7.

The shifted canonical schedule for the example is shown in Figure 5b, whefg and L,
depict the slack stolen by the algorithm. Notice that the tasks in one segmeshiiféed together
and have the same shifting factor. When there are nested OR nodes, difégpeirds may have
different shifting factors. We did not consider shifting tasks individually ir@msent. For exam-
ple, for the segment consisting of tasks 75, Ts, Ts andT>, we may shift7s 1ms more without
violating the timing requirement. But shifting single tasks increases the exiypbf the off-line
algorithm and we do not expect too much gain from it since that could be claimed by the
subsequent tasks in the on-line phase. We leave the examination of this point for fotlire w
After shifting the schedule§ STy is computed for alll;. SST? values for the example are shown
in Table 3.

Given any off-line scheduling heuristic, if the off-line phase does not fall,@% < D holds),
the on-line phase (see next section) can be applied. In the rest of the paper, we Hext <

max

D (i.e., we do not consider overload).

3.2.2 On-Line Phase of GSS

Before presenting the on-line phase of the algorithm, we give some definitions. Taoete
whether a task igeadyor not, we define the number ahfinished immediate predecessard f,)
for each taskl;. UIP; decreases by one when any predecessor of Taskishes execution.
TaskT; is readywhenUIP; = 0. The speed to execute tagkusing GSS is denoted :f§ To
maintain the execution order of tasks as in the canonical schedule, the exerdgoof the next
expected taski(v ) is denoted byWET _EO, thatis,EOngr = NET_EQ. The currenttime is
represented by.

Suppose that task; starts execution at timeg (i.e., the timer at which one processor fetch&s
and starts to execute it), we define #stimated end timef{£T;) as the time at which the task is
expected to finish execution if it consumes all the time allocated foethawveE ET; = ¢, + Ji—g

Initially, the tasks that have no predecessor (root tasks) are put iR&ady-Q For other task
T;, UIP; is initialized to 1 if T; is an OR node; otherwisé]I P; is initialized to the number of

predecessors df;. The current time is set to) and NET _EQO is set tol.
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Algorithm 1 The GSS Algorithm invoked by,

1
2
3
4.
5:
6
7
8

9:

while (1) do
T, =Head(Ready-Q)*Just examine the head; do not dequeue.*/
if ((Txisan ORnod¢l FO, == NET_EO) && (UIP, == 0)) then
T,, =dequeudReady-Q;
NET_FO=NET_EO+1;
if (T}, is a Computation nodehen
[*T} reclaims the slack ST — t; as proven in Section 3.3,< SST %/
[*total time allocated td}, is SST;; —t + - = SET; — t*/

Iy = BT [*compute the speed fdfi.*/

10: [*LetT,,.,; = Head(Ready-QY/

11: if (P is asleep &&FEOy,cor == NET_EQ) then

12: signal(Py); [*Wake up one sleeping processor*/

13: end if

14: Executel}, at speedf};

15: end if

16: if (T} is a Computation node or an AND nodégn

17: for ( each successdr; of 7},) do

18: UIP; = UIP; — 1, [*update successor’s variable*/

19: if (UIP; == 0) then

20: *putT; into ready-queue if it is ready*/

21: enqueud(;, Read-Q;

22: end if

23: end for

24: else if (7} is an OR node }hen

25: NET_FEO = FOy + 1; *update the next expected task*/
[*Let T; be the first node in the path selected at the OR node;*/

26: UIP; =0;

27: enqueud(;, Read-Q; /*put T; into ready-queue*/

28: end if

29: else

30: wait();

31: endif

32:  /*go back to fetch a new task to execute*/

33: end while

The GSS algorithm is shown in Algorithm 1. In the algorithm, each idle processsito fetch
the next ready task (linkand3). If the next expected task'( ) is not ready, the processor goes
to sleep (line30); we use functionva:t() to put an idle processor to sleep and functiggmal(P)
to wake up processa?. If Ty is ready and is a computation task, the processor computes its
new speed, wakes up an idle processor if the task expectediafteris ready and changes the
speed if necessary before executifigsr (from line 6 to 15). The slack reclamation takes place
in line 9 when handling a computation task. Supp@setarts execution af, in the on-line phase,
the amount of slack available 1. is SSTy — ¢, (note that, < SST¢ as proved in Section 3.3).

For the successors of the computation tasks and the AND synchronization nod€s/Peiare
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updated properly and a successor téskvill be put into the ready queue when it is ready, that is,
UIP; =0 (fromline 16 to 23). When entering the ready-queue (I, tasks are ordered in their
canonical execution order. For an OR synchronization node, the first task in thendiraseh is
put into theReady-Qline 26 to 27). Then the processor will go back and try to fetch another task
to execute. The shared memory holds the control information, suBleagy-QandU [ P values,

which must be updated within a critical section (not shown in the algorithmrgolgity).

|
0 2 4 6 8 10 12 14
D Slack Reclaimed . Actual Execution of Tasks

Figure 6: An execution trace for the example of Figure 4

For the example in Figure 4, if the execution follows the lower branch@and upper branch
atT,4 and the tasks on this path use their average number of cycles, the single-insenuea
trace is shown in Figure 6. Initially, both, and 73 claim 2ms of static slack (the difference
betweenSST¢ and the time they begin execution). From algorithm GSSdinine speed fofl;,
andT; will be [mee and =e= | respectively, and we hasBET, = 4ms and EET; = 3ms. Since
T, only uses? of the time allocated to it anf; uses all the time allocated to it, bofh and T;
actually finish at tim&m.s. BothTs andT; getlms of slack (again, the difference betwe88T¢
and the time they begin execution) and are supposed to finish at’timeand 6ms, at speeds
%fmm and% Fmaz, FESPECtivelyT is supposed to follows on the upper processor. Sin€gonly
usest of the time allocated to it anl; uses all its time7; actually finishes earlier thafi, and
T follows T on the lower processor and claims:s of slack. The algorithm continues and the

execution of the example application finishes at tirde: s, 1ms before its deadline.

3.3 Algorithm Analysis

From the above example, we can see that every Taskarts execution no later thahST; with
available slacks ST — ¢; > 0, wheret, is the execution start time fdf;. Thus, the speed for
T: 1S f; =

SE;}_“ = SSTf-l—%—ti < fmaz (Iine 9 in Algorithm 1). Sincef, is the speed which
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guarantees that task finishes no later tha§ E77, the application will meet the deadline if the
canonical execution meets the deadline.
Hence, for proving the correctness of Algorithm 1, we need to show that anyfaskrts its

execution no later than its canonical shifted start tSi%&.

Lemma 1 The execution start timg for any taskZ; in an AND/OR application under Algorithm

1is less than or equal to its canonical shifted start time, that;is; SST7.

Proof

Define arexecution tracas a set of tasks that are executed during one running of an application.
Notice thatanytask in an application will be it leastone execution trace. F@ny execution
trace,TRAC E,., we will prove that for anyl; in TRACE,, there is a time,(< SST?) at which
the following two conditions are satisfied: (g)is the head of the task queue and is ready (i.e., all
its predecessors finished execution); and (b) a free processor is avadab]e f

We first relabel the tasks IRRAC E., starting froml to n. (the number of tasks iINRACE,),
in the order of their dispatch in the canonical execution. This step compactsstheumbering to
include only the tasks that are MR AC E.. Notice that the execution order of tasks in Algorithm
1 is kept the same as in canonical execution (Ihég and26 of Algorithm 1), therefore, for tasks
T;andT; in TRACE,, we haveSST? < SSTy ifl1<:<j<ne.

The proof then proceeds by induction grior task7; in TRACE..

Base case:Assume that the number of root tasks that begin execution attimen < N,
whereN is the number of processors. Henges= 0 < SST¢ fori =1,...,m.

Induction step: Assumet; < SST¢fori =1,...,k— 1.

Given that the execution order of tasks in Algorithm 1 is kept the same as inatienccal
execution (lines, 11 and26 of Algorithm 1), taskT}, is the header of the task queue after the first
k — 1 tasks are dispatched. For any predeceskgrof task T, (i.e., T, — T, € E), we havé
1 < ¢ < k—1. Hence, in the shifted canonical schedule, tdsKinishes no later thas ST%,
that is, SET; < SSTy. During the on-line phase, task starts execution af, < SST;; with

speedf? = SE;ZC_tq = SSTqC-l—chq "y < fmaz- ThusTy will finish no later thanS ET; < SSTE.

fmaz

Therefore, task, is ready no later tha§ .STy.

2Recall that there is no back edge in our AND/OR graph (the legigjes are expanded as discussed in Section 2).
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Next, for the shifted canonical schedule, before tagslstarts at timeS STy, there are at most
r = N — 1 tasks (among the firgt — 1 tasks) that are running and will finish later th&8'7
(since at least one processor is free and fet@hest time SSTY). Fortaskl, (1 < a < k —1)
that finishes no later thasiS7y in the shifted canonical schedule, we haBTS < SST¢. At

run time, we havgf; = SE;z_ta = SST%%Q — < Fmaz, that is, T, will finish no later than

fmaz

SET: < SSTy. Thus, there are at most= N — 1 tasks that could finish later thaS7;. That

is, at or before time& STy, at leastV — r = 1 processors are idle and free.
Therefore, one free processor will fetch taskno later than5 STy and taski, starts execution
attimet;, < SST}.

Therefore, for any task; in an AND/OR application under Algorithm 1, < SSTY.

4  Speculative Algorithms

While the GSS algorithm is guaranteed to meet the timing constraints, tleréenmany speed
changes during execution since a new speed is computed for each task. It is knovwraliha
tasks execute at the same speed on uniprocessor systems, the minimum energy tomsam
be achieved [16]. Considering the speed adjustment overhead, the single $pegdss®w/en more
attractive. From this intuition, using the statistical information abou&plication, we propose
the following speculative algorithms.

Based on different strategies, we developed two speculative schemess Ostatically predict
an optimal speed (or at maadiscrete speeds [16]). The second strategy tyttamically adjust
the speed while speculating about the remaining work. The point in the applicatidncit we
attempt speed changes leads to two sub-schemes. One is to speculate lobftasiedhe other
is to speculate only after the OR synchronization nodes since different amounélofcan be

expected from different branches after an OR synchronization node.

31tis hard to implement this sub-scheme for multi-procesgstems because itis difficult to compute the remaining
work for the processors. One reason is that when a task endseprocessor, we do not know on which processor
other tasks will run and some tasks may be in the middle ofigi@t on other processors. Another reason is the gaps
between tasks’ execution because the dependencies betaganare unpredictable for different task sets. So, we
consider the speculation before each task only for unigsmesystems.
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4.1 Static Speculation Algorithms

For static speculative algorithms, the speed at which an application should decided at the
very beginning of the application based on the statistical information about the &pplication
as: %, wherell, is the average schedule length (in cycles) needed to execute the application.

If the speculated speed falls between two speed leyels (% < fi+1), the static speculation
with a single speed (method SS1) will §gf; = f;.:. Alternatively, two speeds can be speculated
for the application (method SS2). At the beginning, the speculation spggeds set as the lower
speed f;. After a certain time pointt(,), f,s2 is changed to the higher speed levil,,. The value
of ¢,, can be statically computed ag:- t,, + fir1 - (D — typ) = I, = t;, = %ﬁ

Even afterf,,, (or f,,.) is calculated, we choose the maximum speed betwgeior f,.,) and
f;’ for taskT;, wheref;’ is computed from GSS. This is to guarantee temporal correctness, since

the speculative speed is optimistic and does not take into consideration thecasediehaviors.

4.2 Adaptive Speculative Algorithm

If the statistical characteristics of tasks in an application vatysgantially (e.g., the tasks at the

beginning of one application have the average/maximal cycle requirement rétidabile tasks

at the end of the application the ratio(id), it may be better to re-speculate the speed while the

application execution progresses based on the statistical information &lgorgnbaining tasks.

Here we consider two sub-schemes. First, for uniprocessor systems, weecaihase a new speed
117,

before each task begins execution #s; = <, wheret is the current time when a new task

begins execution and;, is the average remaining schedule length (in cycles) considering the pos-
sibilities to execute different paths. Initiallyl, = II,. Note thatll, is the average schedule
length (in cycles) needed to execute the application. Afiefinishes,II, can be calculated as
I’ = II, — «a; (recall that this is for uniprocessor systems). When branaehtaken after an OR
node,IT” will be reset adl’, wherell' is the average remaining schedule length (in cycles) needed
to finish the application after; is taken. To guarantee the deadline, the spgddr task 7; will
be: f; = max(f;vfasl)'

Considering the speed adjustment overhead and expecting different amount& dfastadif-
ferent paths after an OR node, the second scheme speculates the speed oelchf@R node.

I

Therefore, the speculative speed would be s¢t as= <,

wheret is the current time (when the
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OR node is processed) afif is the average number of cycles needed when brarishiaken after
that OR node. Again, to guarantee the deadline, the sfided T will be: f; = max(f, fas2)-
Because the speculative algorithms never set a speed below the speednget&inGSS, they
will meet the timing constraints if GSS can finish on time. Thereforemfithe discussion in
Section 3, the speculative algorithms meet the timing constraints if the cah@chedule under

the same heuristics finishes on time.

5 Practical Considerations

Issues of speed adjustment overhead and discrete speed levels presaritef8] can be incor-
porated into the algorithms described in this paper. In the following, we wattudis two other

practical issues: shared memory access contention and the energy consumgdtitkiperiod.

Shared Memory Access Contention In shared memory architectures, the data shared among
processors (e.g., thEI P structure in Algorithm 1) must be updated in a critical section every
time a task is dispatched. There will be additional waiting time due to thedhmemory access
contention as part of the context switch.

We found that the scheduling algorithm takes approximatiély cycles without power man-
agement. For power management, an additiéf@lcycles are needed for claiming the slack and
computing the new speed. These vafum® obtained by running the speed adjustment algorithms
on the SimpleScalar micro-architecture simulator using its default configargb]. For the ex-
periments in the next section, we assume that the algorithm takesycles. Note that, the exact
number depends on the number of processors in the system and the number of successais each ta
can have in the application.

In the worst case, one processor needs to wait until all other processors finessiag the
shared data structures if they start to execute the algorithm at the sameTo account for this
waiting time, in the worst case analysis, we need to assume that ead@sgoomcurs the longest
waiting time for shared memory contention. However, during execution, if oneepsoc does

not wait for the longest contention time, the extra time is reclaimed ak slad used to slow

4The values were obtained by using up to 6 processors and at3nsascessors for each task.
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down the processor. Thus, the algorithm that considers shared memory accest@orgenore

conservative and, on average, more slack is available for the power maesiggshemes.

Idle Period Without considering speed adjustment overhead and/or processor response time, the

best strategy is to put any idle processor into sleepstate. This unrealistic analysis yields the

least processor energy consumption for the idle period but may result in deadfisesniecause

of the transition time fronsleepto an operating state. To ensure that future tasks finish on time, a

processor needs to run At.. when it enters the idle period. This is because it is possible that the

next task to be dispatched must rurygt. and can spare no slack, not even for changing speeds.
For the simulation presented in Section 6, we assume thaitver-savingstate is used for the

idle period in the middle of execution amsteepstate is used for the idle period appearing at the

very end of the schedule (see Section 2.3).

6 Evaluation and Analysis

We implement a shared memory multiprocessor simulator uSig. It emulates the execution
of an application by simulating the execution at the task level. As mention&eaction 2, for
simplicity, we assume the maximum number of cycles to executeltgsle., ¢;) is independent of
the processor speed for a given system architecture [19].

We vary a number of parameters in our experimetits:number of processqiaxity over dead-
line ratio (LDR), execution time variability,..;, andoverhead of speed adjustmémsee how they
affect the processor energy consumption for each schemelaXitgis defined as the difference

between application’s worst case execution time and its deadlindaxitylover deadline ratios

defined ad DR = di‘;j;jfgg. It indicates the amount of static slack in specific systems.eKeeu-
tion time variability, denoted by, is defined as the average over the maximum number of cycles
needed to execute the application, which indicates the amount of dynamic slagiptioataon

will get on average during execution. The valuengffor task7; in the application is generated
from a discretized normal distribution with averageand standard deviation4g - (1 — «) (if

a > 0.5) or0.48 - « (if o < 0.5); the0.48 value comes from discretizing the values of the normal
distribution. The actual execution time @f follows a similar discretized normal distribution with

averagey; - ¢;. Each pointin the presented graphs is an average of 1000 runs. We show results for
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both the Transmeta model and the Intel XScale model.

Our simulation study considers the following schemes: static power manag&sfiM), greedy
slack stealing (GSS), adaptive speculation before each task (ASPtivaedapeculation at OR
nodes (AS2), static speculation with a single speed (SS1), static spexcwah two speeds (SS2)
and clairvoyant (CLV). CLV is the ideal case achievable only via post-moatealysis by running
all tasks with single speed (or two discrete speeds) computed from tasial aen time, using
list scheduling but following the canonical execution order. For each schamprdacessor energy
consumption is compared to that of no power management (NPM) where everytasity,, ...

Recall that th@@ower-savingandsleepstates are used for different idle periods in the schedule.

Preprocessin
8: 7%: 40%: 21%: 6%

Normalize 504: 3%: 6%: 12%
Detection

Template
Matching

Figure 7: Dependence Graph for: ATR (left) and a Synthetic Application (right)

We consider an application of automated target recognition (ATR) (left pdfigafre 7) and
a synthetic application (Figure 7, right), with anda; in units of 10° cycles. ATR is a real life
application provided to us by BAE systems. ATR detects regions of intereds)ROone frame
and compares the ROIs with certain templates. The number of templateathaROI should be
matched to is three, the maximum number of ROIs in one frame is eight;and= 1,...,8) is
the probability of having ROIs in one frame (the values in the graphs are from procedsiig
successive frames). The loops in the dependence graphs can be expanded as dsQesdemh i
2. The numbers associated with each loop are the maximum number of iteraticets \péir the
probabilities of having a specific number of iterations. If there is only one numbertheiexact

number of iterations during execution.
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6.1 The Effect ofLaxity over Deadline Ratio (LDR)

Transmeta Model Intel XScale Model

Energy Consumption (J)
Energy Consumption (J)

Figure 8: The Absolute Energy Consumption v6.DR for ATR Running on a Uniprocessor
System witho & 0.95 andoverhead = 5us. Assuming that’,; = 107°.

We start by discussing the effect 4fDR on energy savings for uniprocessor systems. The
reason is that we want to compare the effectiveness of the schemes oendifhechitectures
(uniprocessor and multiprocessor). As the maximum schedule length (in cyclespapphcation
is assumed to be fixed for a specific systdn®) R will be changed by varying the application’s
deadline. Further, as mentioned above, the AS1 scheme is only used in unipreysssms.

First, we run ATR on a uniprocessor system with- 0.95 (the value was measured and means
that there is little dynamic slack) anderhead = 5us. For differentL DR values (i.e., different
deadlines), Figure 8 shows the absolute energy consumed by NPM and SPM. The bdkd XS
model (Figure 8 right) has small number of discrete speeds and thus,Mh&n< 0.2, SPM runs
at the same speed@®H >) as NPM and consumes the same amount of energy. VEIAER in-
creases, there is more static slack in the system and therefore enesgpynption should decrease
for SPM (since the slowdown capability is bigger). In the Transmeta moagi(E 8 left), when
LDR > 0.75, the energy consumption for SPM increases with incredde®. The reason is that
every task runs af,,.,, whenLDR > 0.75 and the idle time increases (and thus the idle energy
consumed increases) whérD R increases (recall that we chang® R by varying the applica-
tion’s deadline). For NPM, the energy consumption increases with incrdaBdtisince it will
consume more idle energy.

Figure 9 shows th@ormalizedenergy consumption for SPM and all other dynamic schemes
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Figure 9: Energy Normalized to NPM v&.D R for ATR Running on a Uniprocessor System with
a = 0.95 andoverhead = 5pus.

with NPM as the baseline. It can be seen that the processor energy consurppbisraately
the same for all dynamic schemes. The reason is that the maximum number of regittesest
(ROIs) in one frame i8 and the average number of ROIs is three. On average, the speed for most
of the tasks is arounf,.;,, by dynamically reclaiming the slack from branching even when no static
slack is considered. When the processor is simulated following the Intedl¥®wodel (Figure 9
right), where there are fewer speed levels but a wider speed range bdéveks)the normalized
energy for SPM incurs sharp changes. These changes correspond to the downgrade obspeed f
one level to the next level. For example, whePR < 0.2, SPM needs to run atGH > while
when0.2 < LDR < 0.4 SPM only runs ag00M H z.

From the results, we can also see that the greedy scheme is better titespstaulation schemes
and worse than adaptive speculation schemes when the processor is modetetsasela (Figure
9 left). When using Intel XScale model (Figure 9 right), the greedy schemeiiseathan all
speculative schemes. The reason is that Transmeta has a relatively high€00M H = over
700M Hz) than Intel XScale (50M H = over 1GH =), which prevents the greedy scheme from
using all the slack at the very beginning. For all the dynamic schemes, adaptoudatjmn after
every new task (AS1) performs the best and is very close to the clairvoghetre (CLV) even
accounting for overheads. The adaptive speculation schemes are betterati@spsiculation
schemes because they take into account the remaining tasks.

We executed ATR or2, 4 and6 processors and obtained similar results; we show only the
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Figure 10: Energy Normalized to NPM vED R for ATR Running on a 6-Processor System with
a = 0.95 andoverhead = 5pus.

normalized energy consumption for 6 processors in Figure 10. The main differenceexbfa
different number of processors is that the total energy consumption is higher for moesgoos:
This is because the more processors there are, the more synchronization beweess@s and
therefore, the larger amount of idle time in the schedule. A surprising resuisec by the energy
consumption during idle period can be seen: at hidhR, SPM is better than dynamic schemes.
The reason is that the idle period in the schedule consuf¥%®f the maximum power in dynamic
schemes while it only consumes arours of the minimum power (i.e., arounids of maximum

power) in SPM.

6.2 The Effect off,,;, and Speed Levels

We expected that the speculative schemes perform better than the greedyg sdienreason is
that, typically, the greedy behavior tends to run at the least possible speedipaitthe slack for
the current task, and consequently the future tasks must run at very high speed [2g\&8ver,
when the minimum speed is bounded py;,, it prevents the greedy scheme from using all the
available slack at the very beginning and forces some slack to be savedui@ fise. Fewer speed
levels also prevent the greedy scheme from using slack early by decrédasimgbability of speed
changes: the closer the speeds are to each other, the higher the probability thfitaarsyant of
slack will cause a speed change. As a result, the greediness of the greedy ssmeaderated

with a higherf,..;,, and fewer speed levels. To see h@y,, and the number of speed levels affect
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Figure 11: Energy Normalized to NMP v$"— for ATR running on Dual-Processor Systems with
LDR = 0.2, overhead = bus.
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Figure 12: Energy Normalized to NPM véf:’ﬂ for ATR Running on a Dual-Processor System
with LDR = 0.2, overhead = 5us and Continuous Speed.

performance, in Figure 11 we plot energy savings for different valu B9 fand different number
of speed levels betweefy, ... and f,,;..

With fixed f,,... = 1GH =, we study the effect of,..;,, by setting the factor of[ﬁ with different
values. Assuming 5 or 16 speed levels equally distributed betyWggrandf,.;.., Figure 11 shows
the results for ATR running on dual-processor systems WithR = 0.2 andoverhead = 5us.

In this experiment, we do not have corresponding voltage value for each arbteseg fevel, for
simplicity, we assumé’; ~ 3 [18]. When there aré speed levels (Figure 11 right), the greedy

scheme is almost the same or better than all the speculative scheme/srmreffﬁ = 25 (i.e.,
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fmin = 40M H =), which coincides with our previous observation that a few speed levels (4-6)
is good enough for greedy power management [28]. The reason is that a few speedvikvels
decrease the probability that greedy scheme changes speed and thus somealackfa uture
tasks. For6 speed levels (Figure 11 left), the greedy scheme becomes worse than thatsgeecul
schemes as expected wh%nn; > 5 (i.e., froin < 200M Hz).

From Figure 11, notice that the greedy scheme does not always become worse witbeidcrea
%—n (that is, decreased,.;,). The non-monotonic change in the performance of GSS is a direct
result of the quantized speed levels. When we use continuous speeds bétweand f,,.;,, as
shown in Figure 12, the energy consumption of GSS increases monotonically witasktfe;,, .
Overall, we can see that the performance of the speculative schemiés ie 15% worse than the

clairvoyant scheme. For higher valuesiab R, similiar results are obtained.

6.3 The Effect ofExecution Time Variability («)
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Figure 13: Energy Normalized to NPM vs. for Synthetic Application Running on a Dual-
Processor System withDR = 0.2 andoverhead = 5us.

For the synthetic application running on a dual-processor systentuidth = 0.2 andoverhead =
5us, the normalized processor energy for each scheme is shown in Figure 13 asianfofet.
Since increasind. D R and decreasing have the same effect on the available slack in a system,
the shapes of the curves for dynamic schemes correspond toMWh&nwas changed. Again, the

greedy scheme is as good as the speculation schemes.
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6.4 The Effect of theOverhead
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Figure 14: Energy Normalized to NPM vswerhead for Synthetic Application Running on a
Dual-Processor System withD R = 0.2 anda =~ 0.9.

The time overhead of speed adjustment varies a lot based on differeneatates. For exam-
ple, an AMD K6-2+ was measured to have an overheathof.s for changing voltage and s
for the frequency [22]. The IpARM processor neaflg s to change voltage/speed [4]. For Intel
XScale, the maximal overhead for changing both voltage and speed was measi(red while
the StrongARM SA-1110 need$0us to change the speed [23]. With new technology, the over-
head of voltage/speed adjustment is expected to decrease in the future. paghbtr, the range of
overhead considered is frobp.s to 150s.

The results in Figure 14 show the normalized processor energy consumption of baamesc
for the synthetic application running on a dual-processor systemwith0.9 andLDR = 0.2
(for smallera or biggerL DR, the schemes will set the speed closd1@, and the effect of the
overhead will decrease). In contrast with the Transmeta model¢ sfagiculation with 2 speeds
(5S2) is much better than static speculation with single speed (SS1) whgrntsl XScale model
due to the wider range between adjacent levels in the Intel XScale model.

If the application is smaller, such as removing the loops in the synthetic apphqFigure 7),
the effect of overhead increases. Figure 15 shows the effect of overheatkayy consumption
for the application without loops by setting= 0.9 andLDR = 0.2. From these figures, we can
see similar behavior for all the schemes, but all of them perform worse. Aisungresult is that,

when processors are configured as the Intel XScale model, the normalized emesgyngtion for

27



95

95

T T T X
Transmeta Model  xx¥®*

T T T T T
Intel XScale Model

90 | GsS —+—
85 |-
80
75 -éjﬁﬁii = g
70 b
65 - g

60 1

55 B

Energy Consumption Normalized to NPM

Energy Consumption Normalized to NPM

50 ) ) ) ) ) ) ) 50 EEEEEEESEEEEEEESEEEREEEENEEREE
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160

overhead (microsec) overhead (microsec)

Figure 15: Energy Normalized to NPM vsuerhead for Smaller Application Running on a Dual-
Processor System withDR = 0.2 anda ~ 0.9.

GSS drops aroundverhead = 95us. The reason is that, with increased overhead (0.s), the
static slack is not enough for GSS to run the first few tasks at a lower sphedp€ed for the first
few tasks then increases one level and saves some slack for future tabkeqgGently, the speed

for all tasks becomes smoother, consequently consuming less energy.

7 Conclusion

In this paper, we extend the AND/OR model by adding probabilities to each bratechlad OR
nodes. This extended model can be used for applications where a task is readgutie @deen
oneor moreof its predecessors finish execution and onenore of its successors will be ready
after the task finishes execution. We proposedjtieedy slack stealinglgorithm for the AND/OR
model applications executing on N-processor shared memory systems and s@agcEictness in
meeting the timing constraints. Then, using statistical information aboutapphs, we proposed
a few speculative algorithms to save more energy by reducing the number of spege<(and
thus the overhead) while ensuring that the applications meet their timing dotstri&ome prac-
tical problems were also addressed, such as shared memory access conésigy consumed
during idle state as well as speed adjustment overhead and discretesed |

The performance of all the algorithms in terms of processor energy savings isem#tyaugh
simulations. The greedy slack stealing algorithm performs surprisinglyrlibtie some specula-

tive algorithms in two situations: one is when the minimum speed prevents tadygaggorithm
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from using up the slack very aggressively; the other is when there are only spiesd levels
which prevent the greedy algorithm from changing speeds very frequently. The getiyesis
good enough when the system has a reasonable minimum speed or there are only a fewdd-6) spe
levels for the processors. The dynamic schemes become worse relatived@atger manage-
ment (SPM) when the size of the application becomes smédbaty over deadline ratio { D R)
becomes smaller arekecution time variability«) does not have wide fluctuations, since most of
the slack will be used to cover the speed adjustment overhead. When the numptmrassors in-
creases, the performance of the dynamic schemes decreases due to linailetigmarand frequent
processor idleness forced by synchronization among tasks.

The algorithms described here for shared memory systems cannot be directgdajoptlis-
tributed systems, in which the communication time plays an important roleergy efficient

scheduling algorithms for distributed systems are deserve further explorsticimas [20].
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