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Abstract

Power-aware systems are those that must make the best use of available power. They subsume traditional
low-power systems in that they must not only minimize power when the budget is low, but also deliver higher
performance when required. Moreover, they must fully explore and integrate many novel power management
techniques onto the whole system, not isolated components. Unfortunately, the power management techniques to
date often cannot be incorporated into a unified framework. They are either over-specialized or fail to consider
system-wide issues. This paper proposes a novel constraint-driven scheduling technique based on a graph-based
model to integrate novel power management techniques and facilitate design-space exploration of power-aware
embedded systems. Our application model captures min/max timing and min/max power constraints on com-
putation and non-computation tasks through a new constraint classification and enables derivation of flexible
system-level schedules. The scheduler computes a schedule that satisfies stringent min/max timing and max
power constraints at all times. Furthermore, it also makes the best effort to satisfy min power constraint in an
attempt to fully utilize free solar power or to control power jitter. Experimental results show that our automated
technique yields designs that improve performance and reduce energy cost simultaneously compared to hand-
crafted designs used in previous missions. This tool forms the basis of the IMPACCT system-level framework
that will enable designers to aggressively explore many more power-performance trade-offs with confidence.

1 Introduction

Power management is becoming a central issue in embedded systems. It is particularly critical to systems that must
carry their own energy source. As these systems are deployed in a diverse range of operating conditions, they must
be able to adapt by shifting their power/performance curves.

This paper investigates key issues in power management for power-aware embedded systems. An example of suct
a system is the NASA Mars Pathfinder developed at JPL [1]. It draws power from a non-rechargeable battery pack
and a solar panel to operate under extremely harsh weather and unsteady power conditions for hundreds of days. Th
power use is dominated by tasks in non-computational subsystems such as mechanical and thermal. These feature
pose several interesting problems that were not adequately addressed by previous work. First, such a system mus
be designed to be power-aware, rather than low-power. Second, it is critical that power management decisions be
made at the system level, rather than only at the component level.

1.1 Power-aware vs. low-power

Today, many components and systems are designed lkmabpower. However, we believe there is a critical dif-
ference withpower-aware systems, which must make the best use of the available power by tracking the power
availability from different sources and adapting to low-power or high-performance. They subsume low-power as a
special case.

“This research was sponsored by DARPA PAC/C contract F33615-00-1-1719



In the Mars rover case, its designers constructed a low-power design. It incorporated some of the best low-
power design techniques at all levels of abstraction. The rover has two power sources: a solar panel and a non-
rechargeable battery. To strictly control power draw, its designers serialized all tasks, including driving, steering,
obstacle detection, and heating motors. This low-power design allows the rover to operate for hundreds of days
during daylight, and it sleeps at night. However, full serialization also means the rover moves as slowly as 10cm per
minute, and it can only take a total of three high-resolution pictures and transmit them back to the base station per
day.

A power-aware design can greatly improve the utility of the rover. We observe that the battery is non-rechargeable,
and thus the free solar power would be wasted if not used while available. Since the solar power is not always
available, the rover should be able to adjust itself to high-performance when the level of solar power is high, as well
as adapt a low-power solution when free power is not available. In the existing design, the rover follows the same
serial schedule regardless of the solar power level, and simply directs the excess energy to heating the wheels. An
improved rover design should be able to outperform the existing low-power design (i.e., do more tasks in less time
while saving battery energy) if it can take advantage of the free power with more parallelism in its schedule. We
validate this prediction with experiments in the results section of this paper.

1.2 System-level power-aware design

We believe that power-aware designs must be done at the system-level, not just at the component level. Amdahl’s
law applies to power as well, not just performance. That is, the power saving of a given component must be scaled
by its percentage contribution in an entire system. If a component draws only 2% of the power in a system, a 50%
reduction in its power amounts to merely 1% saving to the system. Therefore, it is critical to identify where power
is being consumed in the context of a system, not just the components in isolation.

In the case of the Mars rover, it turns out that some of the largest power consumers are not even in the digital
computer, but rather they include the wheel motors, the steering motors, laser-guided obstacle detection, and the
heaters. A successful power-aware design must consider these non-computation domains and coordinate their powe
usage as a whole system.

However, system-level power management poses more challenges to the designers, not only because of the in-
creased complexity when considering many components as a whole system, but also due to the fact that many of
the existing component-level power reduction technique yield counterintuitive results when applied to multiple re-
sources and components. For example, reducing the voltage and frequency setting of a processor is a well-known
technique to save CPU power. Unfortunately, it cannot be directly adapted to multiple resources, where tasks can be
running in parallel. If one task is slowed down to save power, the time slots in its extra execution delay may overlap
with some other tasks such that more power draw is resulted at the system level. Moreover, different components
may need to coordinate with each other in their speed or modes. Therefore, a low-power decision in an isolated
component may actually result in exceeding the power budget at the system level.

The designers in JPL were aware of this problem. Their solution was to serialize all tasks (not just computation,
but also heating, turning, moving...) to avoid overlapping in power draw such that the existing low-power techniques
can be applied to individual components while keeping the whole system low-power. This was the right decision in
the past missions. However, hard-wiring the fully serial solution is over-constraining the design, because it does not
exploit parallelism as a way to improve performance and power.

1.3 New application model and design tools

Power-aware systems pose new challenges for power management techniques in design space exploration for ¢
variety of power/performance trade-offs. It is no longer sufficient to find just one good design point; instead, the

same design must cover a range of behaviors depending on the operating conditions such as variable power anc
performance constraints. Further, a system-level power manager must integrate many novel power management



techniques across different domains (both computational and non-computational) into the same design framework,
although these techniques are normally incompatible with each other.

To address these issues, our approach is to support power-aware design with a system-level design tool. One of
the lessons learned from the Mars rover was that, without a tool, the designer had no choice but to embed many
power-management decisions in the implementation. As a result, they were forced to design conservatively and
could not consider more than one or two design alternatives. The purpose of our tool is to enable the exploration of
many more points in the design space, so that additional knowledge about the mission can be incorporated to refine
the design without requiring dramatic redesign.

In this paper, we propose a new system-level model that captures the essential power/performance features acros
both computational and non-computational domains in a concise, rigorous form. We present a new constraint classi-
fication to enable our constraint-driven power manager to meet both min/max timing and min/max power constraints
on the entire system. The basis of our tool-based methodology is to capture different timing relationships and power
characteristics in our new constraint model that effectively exposes the potential design alternatives to assist power
management decisions.

The work presented in this paper represents one of the core tools in a larger design framework, called IMPACCT.
The designers input a high-level behavioral specification of the design in terms of communicating processes and
constraints. These processes have been assigned to run on specific execution resources. The scheduling tool in th
paper constructs a constraint graph and performs power-aware scheduling. The output is then fed to another tool that
performs optimizations and synthesis of power managers at the architectural level.

This paper is organized as follows. Section 2 reviews related work, and Section 3 describes the application
example in more detail. We present the problem formulation in Section 4 and graph-based scheduling algorithms in
Section 5. Then, we discuss experimental results in Section 6 followed by our concluding remarks and future work.

2 Related Work

Prior works have addressed minimization of power usage at the system level. Their common goal is to minimize
power usage while maintaining a satisfactory level of performance or meeting real-time constraints. However, these
low-power techniques often cannot be directly adapted in power-aware systems.

2.1 Subsystem shutdown

Shutting down idle subsystems such as network interfaces, hard disks, and displays can save a significant amount
of power in a system. The shutdown decision can be based on fixed idle times of individual subsystems, although
such approaches are less than satisfactory. Proposed improvements either attempt to make the timeout adaptive t
the actual usage pattern, or use profiling to predict the proper time to shutdown and power up subsystems [45, 9, 46].

While it is important to manage the power of subsystems, unfortunately these techniques have several limitations.
First, they do not handle timing or power@mstraints. Instead, they treat time and power as costs or penalty to min-
imize. Second, their power-awareness is limited in the sense that they do not distinguish between free power (such
as solar sources) vs. expensive power (non-rechargeable battery). These policies are oblivious to the current state o
the energy source or their discharge characteristics, which are becoming an increasingly important consideration in
power management.

2.2 Low-power scheduling by dynamic voltage scaling

Many real-time scheduling techniques have been proposed to date, but only recently have researchers started tc
address power issues with the objective of minimizing power usage. For example, rate-monotonic scheduling has
been extended to scheduling variable-voltage processors. The idea is to save power by slowing down the processol
just enough to meet the deadlines.

Dynamic voltage scaling (DVS) was first proposed by Weiser et al. in [48], and the aspect of energy minimization
was analyzed by Yao et al. and the optimal off-line schedule is given [50]. Hong, Qu et al. presented a design



methodology to minimize energy in embedded systems based on variable-voltage processors [13, 13, 38]. Hong et
al. also proposed an off-line scheduling heuristic for non-preemptive systems in [11, 10], and an on-line algorithm
for mixed workload of both sporadic and periodic tasks in [12]. Their energy minimization technigques can guarantee
deadlines of periodic tasks while making its best effort to meet the deadlines of sporadic tasks. Ishihara and Yasuura
analyzed the optimal schedule for a processor that can operate in several discrete voltages in [14] and proposed ar
integer linear programming solution. Okuma, Ishihara and Yasuura proposed a DVS scheme [27, 28] that always
guarantees deadlines for all tasks, although the energy may not be optimal. Shin et al. presented a run-time checking
mechanism that can shut down the processor or adjust the processor speed [43] and an algorithm to minimize energy
for periodic tasks [44]. Quan and Hu improved this technique by finding an optimal schedule for both periodic and
sporadic tasks [41]. Luo and Jha incorporated the system cost into account and proposed a DVS scheme that alsc
reduces cost [21]. Other techniques in recent literature can be seen in [44, 18, 17, 16, 15, 2, 3, 47, 42].

Such techniques have several limitations. First, they are CPU schedulers that minimize CPU power, rather than
power managers that control subsystems and task executions. Second, the idea of slowing down the processol
speed cannot be applied to managing the power of a system consisting of components in both computational and
non-computational domains. The energy reduction is based on the fact that by decreasing the supply voltage, the
execution delay grows linearly and the power consumption drops quadratically. This is generally not true for other
execution resources except CMOS circuit. Although these schedulers meet deadlines, they do not consider max
power as a constraint. When tasks can run in parallel, even if individually they are well within the max power,
together as a system they may easily exceed it in low supply-power situations, causing the system to malfunction.

2.3 Scheduling for instruction-level energy minimization

Some recent studies use profiling to estimate the energy consumption of individual instructions. Such techniques
are extended to instruction scheduling in an effort to minimize the energy consumption of program execution on
a processor. Parikh et al. presented a scheduling scheme [30, 29] based on profiling information that captures not
only energy consumption for individual instructions, but also the inter-instruction energy consumption between two
consecutive instructions. Therefore, the scheduler can choose an optimal sequence to execute the instruction strear
such that the energy can be minimized.

Although such technique to date can only handle dispatch sequence in instruction-level on one processor, it could
be extended to handle processors with deeper pipelines and multiple execution units, although it will be difficult
to model the energy cost by profiling in more sophisticated processors. Further, it can be extended to multiple
execution resources if the cost model is accurate enough. Moreover, the current technique does not handle either
power or timing constraints.

2.4 Power managementin communication networks

A few research works have addressed the issues in energy reduction in communication networks with quality-of-
service (QoS) requirements. Qu and Potkonjak proposed a voltage-scaling scheme for system-level communication
pipelines [38, 39, 40], it can reduce energy consumption compared to shutting down idle component while satisfy-
ing all QoS requirement. Qiu, Wu and Pedram proposed generalized-stochastic-Petri-nets (GSPN) as a model for
communication systems [35, 34, 36, 37]. They derived power consumption from a set of QoS constraints such as
delay and jitter, and proposed a linear programming solution to finding the optimal power management policy.

Although these techniques manage power for the entire communication system, they have a few limitations that
cannot be applied to power-aware systems. First, QoS-directed power management can improve performance on
average, but do not guarantee the timing constraints. Second, they do not handle power budget as a hard constraint
Although the average power is minimized, the instantaneous power can still exceed the budget. Also, such techniques
do not distinguish between different types of energy sources.



2.5 Battery-oriented power management in portable systems

Extending the battery life becomes another goal of power management in portable systems. One practical concern
is that the battery life varies with the discharge patterns. Thus, the effort to minimize total energy consumption of
average power does not guarantee the optimal use of the non-ideal batteries.

Pedram et al. studied the the variety of effective battery capacity on different load patterns [32, 31]. Their results
showed that the battery capacity decreases with the level of discharge current as well as the variance of the load;
therefore the load with minimum variance maximizes the battery life. They proposed a power management policy
that uses the product of battery life and circuit delay as the optimization goal [33], and a case study of a dual-
battery powered portable system is examined [49]. Martin and Siewiorek analyzed the non-linear trade-off between
performance and battery life in mobile systems [23]. They proposed a few case studies on a real portable embedded
system with non-ideal batteries and a variable-voltage processor [24, 25, 26]. Luo and Jha proposed an instruction
scheduling technique based on certain battery discharge patterns [22]. The idea is to smooth the power profile curve
as a way to maximize battery life. Benini et al. proposed a discrete-time model for batteries as a way to estimate
battery life. They noticed that if the battery can be disconnected from the load after a certain period of discharge, it
can regain some of the lost capacity by taking some “rest”. They presented a multi-battery powered portable system,
which alters the supply power source from a set of batteries by several power management heuristics [5, 4, 6]. Their
results showed an extended battery life by a synergy of different power management techniques when taking battery
properties into account.

Battery life is a very important issue in portable embedded systems. These techniques represented the first step
to incorporate battery characteristics into power management. Such techniques could be further extended to handle
power budget as well as the remaining battery capacity as hard constraints. Also, timing constraints should be taken
into account for a successful power manager in portable systems.

2.6 Power-aware scheduling at system-level

We believe that the first step towards full power-awareness is constraint-driven system-level design [19, 20]. Timing
and power must be treated as hard constraints, not just desirable by-products or hardwired goals. Then, domain-
specific knowledge about the power source, battery model, and other operating conditions must then be expressible
in terms of the these constraints. The types of constraints that are sufficiently expressive for our application are
(1) min and max timing constraints between pairs of tasks, and (2) min and max power constraints on the system.
Min/max timing constraints subsume deadlines and precedence dependencies and can express dependencies acrc
subsystems [7, 8]. Max power is a hard constraint in real systems in that it should track the budget imposed by
the current power sources. Min power constraints, on the other hand, is not a strict constraint on a system’s correct
operation. However, we support it as a “knob” for steering the minimum level of activity. For example, in cases
where the power from solar panels or other free sources cannot be stored, min power can be set to make the powet
manager more fully utilize the free power greedily. Another use of min power is to control the power jitter: the
power manager will keep the system-level power profile sandwiched between the min and max curves, and this can
help maximize battery life. If necessary, we assume that min power can be met by scheduling background tasks.

3 Motivating Example

We use the NASA/JPL Mars rover as our motivating example to demonstrate the effectiveness and applicability
of our power-aware scheduling techniques. It is designed to perform scientific experiments and imaging on Mars
surface. The rover is deployed to operate for at least 7 sols (days on Mars) initially, and if it keeps performing well
at the end of the designated period, then an extended mission follows. The rover has two power sources: it uses the
solar panel for most operations, and it also has a non-rechargeable battery pack for sleep mode.

The rover travels to several target locations to perform experiments and imaging. Since the temperature on Mars
surface can be as low as8C0°C, the motors must be heated periodically. As a result, the mechanical and thermal



Operation Duration (s) | Timing constraints
Heating steering motors 5 At least 5s, at most 50s before steering
Heating wheel motors 5 At least 5s, at most 50s before driving
Hazard detection 10 At least 10s before steering
Steering 5 At least 5s before driving
Driving 10 At least 10s before next hazard detection

Table 1: Timing constraints in Mars rover’s operations

Power sources| Duration - I:O_WFr \(NW3
est case ICal case orst case
& tasks (S) @-40°C yp@-60°c @-80°C
Solar panel 14.9 12 9
Battery pack 10 max 10 max | 10 max
CPU constant 2.5 3.1 3.7
Heating two motors 5 7.6 9.5 11.3
Driving 10 7.5 10.9 13.8
Steering 5 4.3 6.2 8.1
Hazard detection 10 5.1 6.1 7.3

Table 2: Power consumption of Mars rover’s operations

subsystems are the major power consumers, and it is therefore fruitful to target the mechanical and thermal subsysten
for power management opportunities when the rover is moving to the next location. Every 7cm in distance traveled
by the rover is called atep. During each step, it must first detect any obstacles in the moving direction and choose

a safe angle to move. Then the four steering motors are then turned in the correct direction. Finally, the six wheel
motors are driven to perform one step of movement. Therefore, hazard detection, steering, and driving must operate
in sequence. The other set of timing constraints comes from the requirement that all four steering motors and six
wheel motors must be heated prior to mechanical operations. The timing constraints are summarized in Table 1.

The power consumption of each operation varies with environmental temperature. We assume that the temperature
is closely related to the sunlight density that can be measured by power output from the solar panel. In order to
examine how the power-aware scheduling techniques handle different constraints, we investigate three cases of sola
power output: best case is 14.9W at noon time; the typical case is 12W; and the worst case is at dusk. The maximum
supply power is limited by the threshold of battery power output, which we assume to be 10W. Therefore, in all
cases, the rover can be safely operated only if its instantaneous power consumption is less than available solar powe
plus 10W maximum battery power output, which constitutes the max power constraint. We also extract the solar
power level as the min power constraint to distinguish such free power from the costly power. Table 2 illustrates the
power sources and consumers in three cases.

The goal of a scheduler is to assign tasks to time slots such that all timing and power constraints are satisfied.
Without an automated tool, the JPL scientists had to hand-craft a fully serialized schedule that is very low-power,
but is also very slow and can possibly incur additional energy cost. In contrast to the conventional trade-off between
energy and performance, where improvement on one is done at the expense of each other, a power-aware approac
can win both at the same time. Section 6 provides a detailed analysis to a case study on the Mars rover example.

4 Problem Formulation

Our problem formulation is based on an extension to a constraint graph used in a previous time-driven scheduling
problem [7]. One distinction we make in this paper is that we represent one task by its start event and end event.



This separation enables a new constraint classification that exposes some key characteristics of this constraint grapl
representation. Section 4.1 formulates tasks, timing constraints, resources, modes and schedules in mathematice
definitions. Section 4.2 defines a scheduling problem as a constraint graph and illustrates some key characteristics of
this graph representation. Section 4.3 introduces the slack properties of events and tasks in a schedule. Section 4..
defines power characteristics of the scheduling problem including the power profile of a schedule and new prop-
erties by applying the max and min power constraints. Section 4.5 presents a new way of viewing the time/power
scheduling problem as a two-dimensional constraint problem by drawing analogies from the Gantt chart.

4.1 Preliminaries

We formally define the concepts in our model, including tasks, constraints, resources, operational modes, and sched-
ules.

Definition 1 (Task x € T) A taskx is characterized by a tuple= (s, &, Yx, Xx; Mx, Mk, O, Px), Wheres, ande are

the start and end events, respectivalyis a generalized workload of the task;is the power characteristic of the
task;My is the execution resource to which the task is mappgé; My is the selected operational mode of resource
My; dx is the execution delayg is the power profile function of the task over time in its execution duration.

Among these attributes,, e, Yx andXx are intrinsic to the task itself and will remain immutable over partitions
and mode switches. We use a pair of eveRt®, to capture the timing requirements of the task itself, e.g., the
variable execution delay on different operational modes. Such timing relationships are partially related to workload
Vx, in that execution timel depends ony. Power characteristigy is a general description of power behavior, e.g.,
constant, linear, exponential, etc. It must be specified explicitly before the power gxadilgiven based on mode
selectionm,. This power property can be adapted to various forms that either characterize different subsystems or
are application-specific.

The other attributed/y, my, dy, and px of taskx are determined by the design tool, or by the designer with tool
aid. We assume resource mappigis done in the allocation stage prior to scheduling, although the scheduler
may override it if task migration is allowed. Examples of execution resources include not only computing resources
such as an embedded microprocessor, but also other consumers of power, e.g., mechanical subsystems and heate
Operational moden, can be arranged by the scheduler either statically or dynamically. The executiongdslay
a function of timet, resourcevly and modary. The power profilep, is a function of timet, dy, My andmy, where
Px > 0,0 <t < dy.

Definition 2 (Resource M with operational modes m) An execution resourci is a set of valid operational modes,
M= {m :1<i<n. An operational modenis a collectionm = (om, fm), where its characteristic parameters are
included inan, fm = (dm, pm) is a series of functions including delay functidp(x) and power functiomn(x) to
describe the behaviors of a taskhat is executed in this mode.

The parameter set,, consists of attributes of moda such as voltage, clock rate, bandwidth, etc. The function
set fr, includes several functions that characterize tasks executed in this mode. Fokaxaskted in mode, the
delay functiondy(X) calculates the execution deldyof taskx based on mode parameterg and workloady; the
power functionpm(X) gives taskx's power profilep(t), which is a function of mode parametexg, delaydy, and
power characteristigy.

Definition 3 (Timing constraints) A timing constraintd specifies the timing relationship between two everdasd
v, in one of the two forms:

(1) A min timing constraint, u — v : 8, whered > 0, indicates that/ must occur at leash time units afteru
happens, formally, —t, > d.



(2) A max timing constraint u < v : 8, whered > 0, indicates thav must happen at mos$ttime units afteru
happens, formally, —t, < d.

A min timing constrainu — v : d implies precedence fromto v, sincet, —t, > & > 0; on the other hand, a max
constraintu <— v : & does not imply precedence betwaeandv. In fact, in the absence of any other precedence
constraint, such a max constraint may be satisfied trivially by orderivgforeu. This min/max timing separation
handles more general timing relationships between events. For example, am @itdnt deadlinet is a special
case of a max timing constrairdnchor + u: t, whereanchor is a virtual task that starts the schedujgor = O.

Definition 4 (Schedule o, Finish time1,) Given atask sef and a resource s&

(1) A scheduleoc maps a task € T to an operational modex € My € R, and assigns start and end timgde,
to eventss, ande,. Without ambiguity, we further overload tlenotation to map any eventto its assigned
time according tag, that is,t, = o(u). The time assignment to evergsande, must be consistent with the
execution delayl,, wherea(e) —o(s¢) = dx > 0.

(2) Thefinish time of a schedule is the time when all tasks il finish their execution. It is defined as

To = max(o(ey)),Vx e T. 1)

4.2 Constraint graph and properties

We construct a constraint graph based on the tasks, their resource mapping and the corresponding timing constraint:
among the tasks in a scheduling problem. A schedule as the solution to the problem can be computed based on the
constraint graph and its properties.

Definition 5 (Constraint graph G(V,E)) Given a task sef, a set of timing constraint€, a constraint graph
G(V,E) can be constructed as follows. The vertitesepresent eventsanchor } U {, &}, Vx € T, whereanchor
represents the virtual start-event that precedes all other events. Thekedgés< V represent timing relationships
between events. For two verticagy € V, an edggu,v) with weightwy, is denoted asgu,v) : ). It specifies
the timing relationships between eventandv in any schedul®, such that(v) — o(u) > w, ).

Three types of edges represent three different types of timing relationships between two events. They are defined
as follows.

Definition 6 (Constraint edges (u,v) : +£8) Each timing constraint i€ is represented by a constraint edge in the
constraint grapl@.

(1) A min timing constrainu — v: & is represented by farward edge (u,v) : d with weightw,,,) = 3 > 0.

(2) A max timing constrainti < v : 3 is represented by laackward edge (v, u) : —d with weightw,,) = -3 < 0.

Definition 7 (Duration edges (s, &) : dy and (e, S) : —dx) The execution delagk > 0 of a taskx € T is repre-
sented by a pair of duration edges in the constraint gtapédge(s, ) : dy, and edgéey, Sx) : —dx.

Definition 8 (Serialization edges (g, sy) : 0) A serialization edgese,,s,) : 0 is an added edge to serialize task
beforey.

Among all three types of edges, constraint edges represent timing constraints between tasks and always remain
constant. The weights on duration edges, which represent execution delays of tasks, can be changed according tc
operational modes. Serialization edges can be added and removed by the scheduler. Tasks that share the san
resource must be serialized to prevent resource conflict. The scheduler can also serialize tasks on different resource
to avoid exceeding maximum supply power.



XI My/dy/px  Task x with resource mapping M, T
delay d, and power py ﬁ% Start event s, and end event e,
d.

6 -f . .
M Constraint edge (u, v): 5 X connected with duration edges

Figure 1: Constraint graph for a scheduling problem.

An example of a constraint graph is illustrated in Fig. 1. Nine tasks named are mapped into three resources,
A, B andC. Each taskx is denoted with a name, its attributes including resowgedelay d, and powerpy in
the form ofMy/dx/px and the pair of start and end events connected by two duration edges. Every constraint edge
connects two different tasks. For simplicity, we assume that there is one mode of operation per resource and that the
tasks have constant power profiles.

Lemma 1 (Schedulability) Given a scheduling problem formulated as a constraint graph, the time assignments by
a schedules can be computed as the single source longest path lengths from the anchor vertex on the constraint
graph. A positive cycle in the graph indicates a conflicting set of timing requirements that cannot be satisfied.

Corollary 1 (Extension to schedulability properties) After scheduling, if a positive cycle consists of
(1) constraint edges only: then the problem is not schedulable.

(2) some duration edges: the problem may be schedulable by changing modes of those tasks.
(3) some serialization edges: the problem may be schedulable by an alternative serialization.

Lemma 1 and Corollary 1 can be used to discover design points that are implied in the problem. Fig. 2 shows an
example of how some extra constraints can be extracted by preprocessing the graph. Since the delays are function:
of modes, the inequalities involving delays can be viewed as rules to selections of operational modes on related
tasks.

Lemma 2 (Transitivity property) If there exist two edgefu,v) : d;, and(v,w) : dy in the constraint graph, then an
edge(u,w) : di + dy is implied, regardless of the edge type.

Proof By definition of edges, for any scheduleo(v) —o(u) > d;, o(w) —a(v) > dy, thuso(w) —o(u) > d; +dp

Corollary 2 (Edge transformation by transitivity)

(1) An edge(u,s;) : dis equivalent to edgéu, &) : &+ dy.
(2) An edge(u, &) : dis equivalent to edgéu,s) : & — dy.
(3) An edge(s;, ) : dis equivalent to edgés, u) : d+ dy.
(4) An edge(g, u) : dis equivalent to edgés,, u) : & — dy.



Figure 3: Transformations to constraint edges

Proof By Lemma 2, the edgéu,s;) : 6 and duration edgés;, &) : dx implies edge(u, &) : d+ dy; while this new
edge(u, &) : &+ dy and duration edgés,, s¢) : —dx implies the edgéu, s;) : &. Therefore, they are equivalent,
as illustrated in Figure 3.

The difference between the original constraint edges and deducted edges is that the deducted grieshsre
weights, which will vary with different operational modes; while the original edge remains constant. The transitivity
property allows transformation to constraint edges in four forms of equivalent edges, as shown in Figure 3.

A schedule computed by Lemma 1 must satisfy all timing constraints. In addition, a feasible schedule must not
have any resource conflict, that is, tasks that share the same resource must be serialized.

Definition 9 (Time-validity of a schedule) Given a constraint grap® constructed from a task s&tand a con-
straint seC, and a resource s&to which all tasks ifl are mapped, a scheduses time-valid if

(1) Gis schedulable by Lemma 1, and

(2) ¥x,y € T such thaiMy = My € R, x andy must be serialized, i.e., eithefg,) < a(sy) or a(g,) < a(s) holds.

Definition 9 indicates a way to use graph algorithms to solve scheduling problems with timing constraints and
resource sharing between tasks. The scheduler can add serialization edges to the constraint graph to eliminate
resource conflict as it computes the longest path lengths for the vertices. For example, to serializdttask a
serialization edg¢s,,s,) : 0 can be added G, such that(s) > o(e,) is guaranteed.



4.3 Slack properties of a time-valid schedule

Given a time-valid schedule, there may be alternative valid time assignmefits) to an evenu. We extract these
available time slots as slacks of even®&ack is a measure of time interval by which an event can be rescheduled
while keeping the resulting schedule time-valid.

Definition 10 (AS(u, V), the Slack of atiming constraint (u,v)) Given is a given time-valid schedutecomputed
on a constraint grap&(V,E), and(u,v) : & € E, theslack of a timing constraint (u,v) is defined as

AS(u,v) =o(v) —a(u)— 5 (2)

The slack is necessarily non-negative, because otherwise the schadulet time-valid. The slack also exposes
the bounds on reassigning times to evanendv, by delayingu or movingyv earlier, without violating the timing
constraint(u,v) : 8. Note that slacks are defined for constraint edges, but not for serialization edges and duration
edges. This is because serialization edges are not intrinsic to the schedulability of the problem, and the duration
edges are not controlled by the scheduler. Without ambiguity, we now overload term slasfrfizrin terms of
slacks for timing constraints.

Definition 11 (Aq (u) and A% (u), the Forwar d/backward slacks of an event u) Given a time-valid schedulefor
a constraint graps(V, E),

e Theforward slack of an event vertexi € V is the minimum among all slacks ok outgoing constraint edges,
A (u) = miny(AS(u,v)) Vconstraint edgefu,v), (3)
ST 16—0(u) if A outgoing constraint edgasv).

e The backward dack of an event vertexi € V is the minimum among all slacks ofs incoming constraint
edges,

A% (u) :{ min, (AS(v,u)) Vconstraint edges, V), @

o o(u) if Aincoming constraint edggs, u).

The forward slack of an eventindicates the amount of time by whiechcan be delayed without violating any
timing constraints corresponding to If u is not constrained by any other eventscan be delayed to the finish
time of the whole schedule without violating any timing constraints. Similarly, the backward sladpetifies the
amount of time by whichu can be scheduled earlier, without violating any corresponding timing constraints. This
pair of forward/backward slacks forms an interval, defined as following.

Definition 12 (A (u), the Slack interval of an event u) Given a schedule computer on a constraint gra@tV, E),
thedack interval of an evenu €V is a time interval

25 (u) = [o(u) — AP (u),0(u) +Ag (u)] (5)

Lemma 3 If a scheduleo is time-valid, then a modified schedutedoes not violate any timing constraints if it is
identical too excepto(u) # o' (u), andd’(u) € AS(u), for a specific event. That is, rescheduling eventwithin its
constraint slack interval (u) does not violate any timing constraints.

Definition 13 (Reschedule distance Ay _5(u)) Given a valid schedule and a modified schedulé to the same
scheduling problem, thieeschedul e distance of u is the difference between the two schedules for an exent

Mor—o(U) = o'(U) — o () 6)



Coroallary 3 Given avalid schedule, a modified schedulé is also time-valid if the reschedule distange 4(u) #
0 for only one eventi and—A® < Ay_g(U) < Ag'.

Proof Directly derived from Lemma 3.

Lemma 3 exposes the available time space for an alternative time assignment to an event. However, such adjust-
ment must not result in any resource conflicts. The following definition indicates the vacant time slots to schedule a
task without resource conflicts. The start and end events of a task can have different constraint slack intervals, while
their resource slack intervals are defined to be identical.

Definition 14 (Resour ce slots AL ()i, resource slack intervals A;(x)) Given a valid schedule and a task,

e Thei" resource slot of taskx AL(x); is a closed interval in time dimension during which resouvkés not
occupied by any tasks, except possiblyxatself.

e Taskx's resource slack intervals A;(x) are a collection of all resource slotsxf

Bo(X) = J () 7

e Eventss, andeg, have identical resource slots and resource slack intervals as those xf task

AG(s0)i = Dg(&)i = Dg(X)i (8)
Ag(s0) = Dg (&) = A5(%) 9)

Lemma4 If a scheduleo is time-valid, then a modified schedutedoes not have any resource conflicts if it is
identical tog, except that both start and end events of a taake rescheduled into the same resource/§(ad; €
A5 (x), their resource slack intervals. That$,such that both (sy), 0’ (&) € AG(X)i.

The resource slack intervals of a taskepresent the vacant time slots on resowWéhat could be assigned to
x without any conflicts with other tasks that share the resoceThe resource slack intervals can consist of a
disjoint interval as a collection of a few closed intervals (resource slots), while the constraint slack is a single closed
interval. Based on these two type of intervals, we define their conjunction as the overall slack intervals, within which
the event can be rescheduled without either timing or resource violation.

Definition 15 (Ag(u), the Overall slack intervals of an event u) Given a valid schedule and an event, theover-
all dack intervals of an event u are defined as the conjunction @6 constraint slack intervaf(u) and resource
slack intervalg\;(u). Formally,

A (u) = Ag(u) N Ag(u) (10)

Lemma5 Given a valid schedule, a modified schedulég neither violates any timing constraint nor causes any
resource conflict, if it is identical to excepto(u) # d(u), anda’(u) € Ag(u), for a specific event.

Lemma 5 allows an event to be assigned new time slots within its overall slack intervals to avoid timing and
resource violations. Itis a necessary but not sufficient condition, since the start and end exemtstsatisfy extra
conditions forg’ to be time-valid.

Lemma 6 (Slack-bounded time-validity) Given a time-valid schedule, an alternative schedulé derived by
rescheduling task is time-valid if and only if:

(1) Both events; ande are rescheduled into their overall constraint intervals, dgs,) € A(o,s«) andd’(e) €
A(o,e) (by Lemma 5), and
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(2) Both eventss, and g, are rescheduled into the same resource slot, thal isich that bothd(s,),0' (&) €
A5 (X)i (by Lemma 4), and

(3) Events, precedes, by taskx’s execution delay,, that is,d’(ec) — 0’(sx) = dx, wheredy is a function of
modem, on resourcéVl, to execute task (Definitions 1 and 4).

Proof By satisfying (1), the new schedule does not have violate any timing constraints (Lemma 5). By satisfying
(2), it does not have any resource conflict (Lemma 4). Condition (3) is to enforce the definition of a task in a
schedule (Definitions 1 and 4) after the start or end event of a task has been given a new time slot.

Given a time-valid schedule, Lemma 6 allows some tasks to be rescheduled while yielding new time-valid sched-
ules. The slack properties of tasks form the basis of our power-aware scheduling algorithms for power/performance
trade-offs. Such properties are especially meaningful to support different power management decisions. For ex-
ample, in voltage/frequence scaling on processors, the execution delay of a task can change due to the voltage ol
frequency settings. It is applicable to task Fig. 4, where eventg ande, can be arranged into different time slots
with various execution delag,. Fig. 4 also exemplifies how to eliminates illegal combinations ehdg,’s slack
intervals by using Lemma 6

If one event is rescheduled, the slacks of other events will be changed accordingly. If the number of events in a
scheduling problem is large, the time to recompute all slacks can be very expensive. The following lemmas tell that
only a subset of all the events need to recompute their slacks.

Lemma 7 (Constraint slacks of the new schedule) Given a time-valid schedule based on a constraint grag)
and an alternative time-valid schedaledentical too exceptd’(u) # a(u) for an evenu,

(1) the forward and backward slackswivill be changed according to reschedule distaigce;(u):

(1.a) Forward slacly: (u) = Ac (u) — Ag_o(u), Backward slaciy® (u) = A% (u) + Ay _o(u)

0—!

(1.b) whileAg(u), the slack interval ofi, remains unchangedy, (u) = A, (u)

(2) only those events that armmediate predecessors to u via constraint edges i® will change theirforward
dacks. For anyu's immediate predecessuwia a constraint edgéy,u) : o



(2.a) if u's reschedule distandgy_g(u) > 0, v's forward slack is increased by an amount no more tlian
reschedule distandey ,(u), that is, 0< Ay — Ag < Ay _o(u)

(2.b) if u's reschedule distandgy _(u) < 0, v's forward slack is decreased by an amount no more than the
absolute value ofi's reschedule distancely_q(U), that is, 0> Ach — Ag' > Agr_g(U)

(3) only those events that amn@mediate successors from u via constraint edges i6 will increase theibackward
dacks. For anyu’s immediate successervia a constraint edggu, v) : 9,

(3.a) ifu's reschedule distandgy_q(u) > 0, v's backward slack is decreased by an amount no moreulan
reschedule distandey_q(u), that is, 0> A% — AP > —Ag_g(U)

(3.b) if u's reschedule distandgy_g(u) < 0, v's backward slack is increased by an amount no more than the
absolute value ofi's reschedule distance)y o (u), that is, 0< Ay — Ag' < —Agr_o(u).

Pr oof

(1) By definition of forward slacks,
A5 (u) = miny(A(u,v)) = miny(6(V) — 6(U) — W) = Miny(6(V) — Wiyy) — o (u),

for all u's successov via a constraint edggy,Vv) : Wy, -

Similarly, Af;, (u) = miny(0’(v) —W(yy)) —0'(u). Sincec anda’ are only different at event, a(v) = d'(v).

Therefore Ao, (u) — Acr = o(U) — & (U) = —Ag'_g(U)

For backward slack af,

A% (u) = 6(u) —Miny(0(v) — Wyy), A2 (U) = 0/ (U) — miny (' (v) — W(yy),

for all u's predecessov via a constraint edgey, u) : W)

Sincea(v) = o’(v), A2 (u) — AL = 0’ (u) — o(U) = Ag—g(U)

(1.a) is proved.

By definition of slack ofu, AS, (u) = [0 (u) + A (u), 0" (u) — A% (u)],

from (1.a) itis equal to

[0'(U) + A3 (u) — (0'(u) — 6(u)), 0" (U) — AP (U) — (0 (u) — o(W)] = [B(u) + A (), 0(u) — AP (U)] = AZ ().

This proves (1.b).

(2) If (v,u) : wy, is a constraint edge, for scheduleandd, u's forward slacks are
o (V) = min,(AS(v,2)) andAgs (v) = miny (A% (v;2)), respectively,

for all v's immediate successorgincluding u) via a constraint edggy, z).

Therefore Ac (V) — Ag' (V) = ming(A%, (v, 2)) — ming(AS (v, 2)).

Sinceo andd’ differ only for eventu, all the slacks for edge, z) are the same far andd, except for edge

(v,u). There are four cases:

(i) minz(Ag (v,2)) # Ag (v, u) and min(4g(V;2)) # Ag(v, u),
therefore mip(AS, (v, 2)) = miny(Ag(v,2)), since for all the rest edgés, z) except(v,u) their slacks do
not change, the minimum will be the same.
In this casel, (V) — Ag (V) =0,

(i) ming(AS (v, 2)) = A% (v,u) and min(A§(v,2)) = AS(V,u),
C C C C
thenA, (V) — Ag (V) = A (v,u) — Ag (v,u) = 0'(u) — 0(U) = Ag—g(U).
(i) and (ii) are the extreme cases of (2.a) and (2.b)
(i) min,(AZ (v.2)) # A% (v,u) and min(A5(v.2)) = A% (v,u),
thenAg, (v,u) > min,(AS, (v, 2)) > Ag(V,u), sinceAS, (v, z) = AS(v,2),Vz # u.
Therefore Ac (V) — Ag' (V) < Agr (v, u) — Ag' (V,U) = Agr_o(u) andAg_g(u) > 0.



(iv) ming (A% (v, 2)) = A% (v,u) and min(Ag(v,2)) # Ag(v,u),
thenAg, (v, u) < man(AC v, )) < NG (v,u), sincels, (v, z) = Ag(v,2),VZ # u.
ThereforeA (V) = Ag (V) > ( u) — Ag (YU) = Agr—g(U), andAg_g(u) < O.

Cases (i, ii, iii) prove (2.a), since case (iv) will not happeiif 5(u) > 0.
Cases (i, ii, iv) prove (2.b).

(3) The proof is similar to (2).

Lemma 8 (Resource dack intervals of the new schedule) Given a time-valid schedule based on a constraint
graphG, and an alternative time-valid schedalevhich is identical tas excepto' (u) # a(u) for an evenu € {s, e}
for a given task,

(1) Taskx's resource slack intervals does not chamfjgx) = Aj(x).

(2) Only those tasks that are mapped onto the same resblume#l change their resource slack intervals.

Lemma 7 and 8 indicate a the subset of events/tasks that will change the values of their slacks upon rescheduling
one single event. The scheduler will only need to update the slacks of the events in this subset without extensively
recomputing slack values for all events.

4.4 Power characteristics of a schedule

We extend the power properties to schedules based on the constraint graph formulation. A schedule has a power
profile representing the power consumption of task execution. We introduce max and min power constraints and
extract some new properties by applying power constraints to a schedule.

Definition 16 (Power profile P;, Total energy E;) Given a time-valid schedule,

(1) Thepower profile of o is defined as a function of time. At any given tirheits value is the total power
consumption of all tasks that are being executed @hat is,

= erx(t—O(sA)),OSt < To. (11)
(2) Thetotal energy of o is the integral of its power profile over time, that is,
To
E, = / Py (t)dt (12)
0

Definition 17 (Max and min power constraints Prax and Pyin) The power profild®; is constrained by two param-
eters,Prax, Prin € R, Pmax > Pain > 0.

(1) Themax power constraint Ry specifies the maximum level of supply power that can be provided to support
task execution.

(2) Themin power constraint Ry, specifies the level of power consumption to maintain a preferred magnitude of
activity.

We treat the max power constraint as a hard constraint. At any given moment, the total power consumption by all
running tasks must not exce®&gd.x. The min power constraint is a soft constraint in this paper.

Definition 18 (Power spike, power gap) Given a schedule with its power profileR;(t), and power constraints
Prnax and Pmin,



(1) In a given time intervalty,t;], if the power profile exceeds max power constraint, thaRjét) > Prax
(t1 <t <tp), the intervallty,ty] is called gpower spike.

(2) In agiven time intervalt,ty], if the power profile is below the min power level, thati$(t) < Prin (1 <t <
to), the intervalty, t;] is called apower gap.

Power spikes and power gaps are the times slots where the power constraints are violated. Since only the max
power constraint is treated as a hard constraint, a schedule with any power spikes must not be considered as a valic
one. However, power gaps will not invalidate a schedule. Accordingly, a valid schedule is defined as follows.

Definition 19 (Power-validity of a schedule) Given a time-valid schedule computed from a constraint grah
with the task seT, constraint se€, and resource s&, for a max power constraifi.x, schedules is power-valid
if,

(1) o is time-valid by Definition 9, and

(2) Its power profile does not exceed max power constraint, thRi(i3,< Pmyax, for 0 <t < 15.

Definition 19 incorporates the power usage of a schedule as a constraint in addition to the existing constraints on
the time dimension. Only max power constraint is used to qualify the validity of a schedule. (In the ensuing text,
if not explicitly specified, a “valid” schedule means it is power-valid, which implies its time-validity.) Min power
usage, which refers to the utilization to free power sources, is not enforced. Such separation distinguishes different
power sources as expensive power and free power. It forms some new perspectives on power/performance trade-offs
in a power-aware system, as described in the following definitions.

Definition 20 (Power cost Pcs(Pmin), Energy cost Ecs(Pmin)) Given a time-valid schedule with a min power
constraintRy, representing free power level,

e Thepower cost of o is the power usage above the min power lé¥gl. It is defined as a function of time and
Pminy

PCo (Prin, t) :{ 0 WhenPy(t) < Prin }forogt <Tg (13)

e Theenergy cost is the integral of the power cost function,
To
Eco(Prin) = /O PCo (Pain, 1)dlt (14)

Definition 21 (Min power utilization ps(Pmin)) Given a time-valid schedule with a min power constrair,, >
0 representing free power level, itsn power utilization is defined as the ratio of its energy drawn from free power
source over the total available free energy,

Es — ECo(Pmin)

15
Pmin X Tg (15)

pc(Pmin) =
We do not limit the power and energy costs and min power utilization in Definitions 20 and 21 to only a power-

valid schedule, since these properties are also meaningful to schedules that are not power-valid. They further high-
light the difference between costly power and free power. Any power consumption below the min power level does
not contribute to the energy consumption from costly energy sources. In fact, the free power should be utilized
greedily to preserve the costly power. This new perspective subsumes the conventional power or energy minimiza-
tion techniques as a special case, whHgfg= 0. A power-aware design should explore different trade-offs between
performance vs. costly power, while making the best effort to fully utilize the free energy for performance speedup.
This forms the basis of our power-aware scheduling techniques presented in Section 5.



c - ’ﬁ Time view
- I

0 11 12 13 14 15 lime

Power view B
€200 P e 20.0
: 72.0%
g i Prin: 10.0
gap min- LY.
c <« Tl

10 11 12 13 14 15 lime

Figure 5: Power-aware Gantt chart of atime-valid schedule

45 Power-aware Gantt chart

There exist various visual representations for real-time scheduling problems, e.g. Gantt chart. However, very few
of them have the capability to express power properties of a schedule, regardless of any power constraints. We
introduce the power-aware Gantt chart as a new visual representation for power-aware scheduling problems. It
presents a schedule in two different views: time view and power view. Each view is a two dimensional diagram
whose horizontal axis represents time and vertical axis represents power. In the time view, tasks are displayed as
bins placed in several rows that denote parallel execution resources. The power view shows the power profile of the
schedule with min and max power constraints and some corresponding power properties.

In the time view for a schedule o computed from a constraint graph G with task set T and resource set R, the
execution of atask u € T is represented by a horizontal bin beginning with its start time o(u) and whose length
corresponds to its duration d(u). We scale the vertical size of the bin to denote power consumption p(u). Asaresult,
the area of the bin indicates its energy expenditure. Each execution resource R € Rtakes one row denoted by R. All
tasks that are mapped on this resource, that is, Vu € T such that r(u) = R, are displayed in row R in timing order.
The empty time g ots between adjacent bins represent the resource slacks. Timing constraints, and slacks in the time
dimension, though normally not shown, can also be intuitively visualized by selectively attaching annotation on the
bins.

By collapsing al bins in the time view to the lowest horizontal axis, the expected power profile B(t) can be
shown in the power view of the power-aware Gantt chart. It also illustrates the composition of the power profile
from every power consumer’s contribution at each time. With annotation of max and min power level, power
spikes and power gaps can be directly observed; the power/energy cost vs. free power usage are clearly separated;
and power properties such as power/energy cost, PG (Prin,t), ECo(Prin) @nd min power utilization pg(Pmin) can be
visualized with the corresponding annotations. Fig. 5 shows the power-aware Gantt chart of atime-valid schedule
to the example problemin Fig. 1.

In addition to a graphical representation to schedules, the power-aware Gantt chart also serves as the underlying
model for a power-aware design tool that allows the designers to evaluate different power/performance trade-offs
visually. The designers can manually intervene with the automated scheduling process by dragging and locking the
bins to alternative time slots in the time view, while observing the results in the power view interactively.

5 Algorithm

Based on the constraint graph formulation, we develop graph agorithms for power-aware scheduling. Given a
scheduling problem, the goal of the power-aware scheduler isto find avalid schedule o with following properties:

(1) o must be time-valid, that is, it satisfies all timing constraints and can arrange al tasks to corresponding
execution resources without any resource conflicts.



(2) o must satisfy the max power constraint, that is, no power spikes can be found in the schedule.
By qualifying (1) and (2) the schedule is avalid one that meets all hard constraints.

(3) o could have power gaps according to the min power constraint, but the scheduler should make its best efforts
to remove power gaps, by reducing power/energy cost or improving min power utilization.

Power-aware scheduling is a multi-constraint solving problem. Our approach is to first examine different con-
straints in our model defined in Section 4. We find that the constraints on timing and resource sharing are the most
critical ones that must be considered first as necessary conditions. Next, we consider max power constraints after
after a time-valid schedule is found. The scheduler must eliminate al power spikes while keeping the schedule
time-valid to generate a valid schedule. Finaly, the min power constraint can be applied after a valid schedule is
given. The analysis suggests an incremental approach by solving one type of constraint at a time in the following
three steps.

First, based on the constraint graph of the problem, we try to find a schedule that is time-valid. Power constraints
and power consumption of tasks are not considered in this step. The algorithm is presented in Section 5.1. It extends
previous work on atime-driven serial scheduling for a single execution resource to handling parallel execution on
multiple resources.

Second, after atime-valid schedule is computed from thefirst step, the max power constraint isapplied to constrain
its power profile. Section 5.2 explains the algorithm to remove power spikes by using heuristics based on slack
properties of the schedule. Tasks that contribute to a power spike are partially reordered by a slack-based ordering
function. To avoid exhaustive search in the solution space, we apply heuristics to examine more reasonabl e solutions
first.

Finaly, given a valid schedule provided by the previous step, we apply the min power constraint and reorder
tasks within their dacks to reduce power gaps and improve the min power utilization. The algorithm isillustrated
in Section 5.3. It does not guarantee full utilization of the min power level. Also, the final schedule should not
have alonger finish time with aloss of performance, since min power is a soft constraint that is not critical to the
applicability of the schedule.

5.1 Algorithm for timing scheduling

The time-constrained scheduling agorithm is shown in Fig. 6. It isaextension to a previous serialization algorithm
[7]. G isthe constraint graph for the scheduling problem. anchor is the source vertex that is used in the SINGLE
SOURCE LONGEST PATH algorithm. It represents avirtual task that starts at time 0. c is called the candidate vertex
that is being visited at each step as the algorithm traverses graph G topologically. The schedule for the event c a(c) is
assigned as the distance from the anchor to cin thelongest path. The next candidate v is selected from c’s successors.
Tasks that share the same resources are serialized by adding serialization edges between vertices. If these additional
edges for serialization produce any positive loops in the graph, they are then removed by the algorithm and another
topologica ordering is attempted. The first invocation of the algorithm starts from anchor as the first candidate.
Then the agorithm is recursively invoked at each step when a new candidate is selected. One task is scheduled by
vigiting its start and end events in consecutive two steps. A time-valid schedule is returned when al vertices are
reordered without any positive loops and resource conflicts.

This algorithm can be proved to always find atime-valid schedule if one exists, since it will traverse al possible
topological orderings of the graph before it terminates with afailure.

Based on the problem shown in Fig. 1, itstime-valid schedule isillustrated in Fig. 5 in the form of a power-aware
Gantt chart. There are one power spike and several power gaps left for the remaining steps of our power-aware
scheduler.



TimingScheduler(Graph G, vertex anchor, vertex c)
La:= SINGLE SOURCE LONGEST PATH(G, anchor)
if (positive cyclefound) then

return FAIL
C = set of topological successors of candidate ¢
if (C=0)then

return o with o(u) = LajulVu e G.V
Xc ;= task of event c
while (C # 0) do

if (c=s)then
Vi= ey

else
Vv := one topol ogical successor of C
C:=C—{v}
Xy = task of event v
if (v=¢g,) then

VI= Sy,
B: foreachu e Cdo

if ué¢ v'ssuccessorsthen
add u to V's successors
Xy :=task of event u
if (Mx, = My,) then
add serialization edge (ey,,Sx,) : 0t0 G
y := the most recently scheduled task, such that (My = My, )
if (y # nil) then
add serialization edge (ey, ) : 0t0 G
o := TimingSchedul er(G, anchor, v)
if (0 # FAIL) then
returnc
undo added edgesto G since step B
if (c=s)then
return FAIL
return FAIL

Figure 6: Algorithm for timing scheduling.



MaxPowerScheduler(Graph G, vertex anchor, Ppgay)
o := TimingScheduler(G, anchor, anchor)
if (o = FAIL) then
return FAIL
for t:=0;t<Ttg;t:=t+1)do
S:=set of all activetasks at t, ordered a heuristic slack function
power := Py (t)
reschedule := FALSE
while (power > Pryax Or reschedule = TRUE) do
B: repeat
X := EXTRACT MAX(S
if (reschedule= FALSE and Ag(v) = 0) then
reorder tasksin Shy forward constraint slack Af,f
reschedule := TRUE
delay x by some time units (heuristically determined)
power ;= power — px
S:=S—{x}
until (power < Ppax Or S= 0)
if (S=0) then
return FAIL
if (reschedule = TRUE) then
lock start time of al tasksin S
0 := MaxPowerScheduler(G, anchor, Pray)
if (o # FAIL) then
returnc
undo added edgesto G since step B
return o

Figure 7: Algorithm for max power scheduling.

5.2 Algorithm for max power scheduling

Our approach to meeting max power constraint is to eliminate the power spikes of atime-valid schedule computed
by the previous step. In this algorithm we make two assumptions. First, we only consider one operational mode on
each execution resource. Therefore the execution delay of atask x is fixed at a single value ¢ and we simplify the
problem by scheduling both start and end events of atask together. Second, we assume task X's power consumption
is a constant value py, instead of a function varying over time. These assumptions simplify the problem without
losing our focus on power-constrained scheduling, although our application model can support more sophisticated
power management techniques that incorporate different operational modes on resources and non-constant power
consumption functions.

Theagorithmisshownin Fig. 7. It hasthree parameters: graph G, vertex anchor, and max power constraint Rx.
Thetiming scheduler is always caled first to obtain atime-valid schedule. The algorithm examines the power profile
P of the returned schedule o to find the first power spike at timet. To eliminate the spike, several simultaneous
tasksatt are partially reordered so that the height of the power curve isless than R.x. The algorithm itself is called
recursively after the spike at t is eliminated by delaying tasks. A valid schedule o isfound if there is no power spike
in o; and the time-validity of o is aways guaranteed. If no solution can be found after the recursive call, a failure
notice is returned suggesting that either additional tasks at t need to be delayed, or one or more tasks already delayed
have been incorrectly chosen.

Thekey issuesin this algorithm are properly selecting and delaying tasks for spike elimination. We do not attempt



exhaustive enumeration to al possible partial orderings of tasks since it would be exponential. Instead, we apply
heuristics to avoid several pitfalls. First, the total execution time ; may be extended unnecessarily, leading to aloss
of performance. Second, the agorithm may evaluate some invalid schedules repeatedly before approaching a valid
one, so that the scheduler requires extra computation time needlessly. Finaly, the algorithm may fail to find avalid
schedule even if one exists.

We propose slack-based heuristics for selecting and delaying tasks. First, a slack-based heuristic function is used
to order simultaneous tasks. When a power spike is detected at timet, the algorithm orders tasks that are active at
t by their a heuristic slack function, which is the quantized value of the length of dlack intervals. This slack-based
ordering function indicates which task has more available time slot to be rescheduled while the new schedule is still
time-valid. Then, the algorithm selects tasks to delay based on the following conditions.

(1) If there are tasks with non-zero dacks, the task with the largest slack is always selected first. The algorithm
continues selecting tasks to delay until the power spike at t is removed.

(2) If no tasks with non-zero dack is available while the power spike at t is still present, the remaining tasks are
reordered by their forward constraint slacks (which is the minimum of the forward constraint slacks of the
start and end events, since we fixed the execution delay d). Tasks with larger forward constraint slacks will
be delayed.

(3) If the power spike cannot be removed until all the remaining tasks have zero constraint slack, tasks are ran-
domly selected to be delayed.

After atask x is selected to be delayed, the second question is what its new start time d(sy) should be. To delay
atask x based on an existing schedule o, we add an edge from anchor to §, with positive weight t’ as the lower
bound on its new start time. Therefore, d'(s¢) > t’ and the reschedule distance Ay_g(sx) > t' — a(u). Clearly,
making a small reschedule distance is not efficient. On the other hand, we do not expect the reschedule distance
to be too large such that the finish time of the schedule may be unnecessarily increased. We currently heuristically
set the upper bound of the reschedule distance to the execution time of the task. In addition, in case (1) where the
selected task x has some slack, we apply slack-bounded time-validity (Lemma 6) to ensure the new schedule is still
time-valid. Thisis called local reordering. Therefore, in case (1), we put this extra bound to reduce the effort for
rescheduling for time-validity. The algorithm can still proceed with atime-valid schedule. While in cases (2) and
(3), since the new schedule after the delay is no longer time-valid, the timing scheduler must be invoked to make
the schedule time-valid again by asserting the Boolean variable reschedul e, which is called global reordering. In
case (2), the selected task u has some constraint slack but no resource slack, the delay distance is further bounded by
the forward constraint slack min(4g (sx, AS (ex), so that al timing constraints are preserved thus the scheduler only
needs to eliminate the resource conflict caused by the delay. All of these constraints can actually serve the purpose
of pruning out the search space tremendoudly. Finaly, in case (3), which eliminates a power spike at the cost of
introducing new timing violations, some significant timing adjustment to the schedule is expected.

After enough tasks are delayed and the power spike at t disappears, we lock the start time of the remaining tasks.
The start time of atask y is locked by adding two edges to graph G, a forward edge (anchor,s) : o(sy), and a
backward edge (s;,anchor) : —a(s;). Asaresult, task y is forced to start at time o(s;) by the SINGLE SOURCE
LONGEST PATH algorithm. These locks are especially meaningful to case (3). When the scheduler delays atask x to
eliminate apower spike at timet, it is desirable to keep al tasks that are scheduled beforet intact. Whilein case (3),
the attempt to remove a power spike starting at timet by delaying a task x may cause some partial reorderings on
tasks before t due to backward edges. Such type of reordering may produce anew power spike beforetimet and will
certainly complicate the scheduler. The algorithm could spend much more time dealing with the unexpected spikes
before it converges to a valid schedule. By locking the tasks that do not form a power spike at t, no further delays
can be applied to these tasks. However, if delays to these tasks are necessary for avalid schedule, the algorithm will
fail in its next recursions and these locks will be undone. Then the algorithm will choose one task from them to
make further delay and continue recursion.
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Figure 8: A valid schedule after max power scheduling.

It is notable that in some extreme cases, the max power constraint scheduler may not be able to find a valid
schedule even though one exists . The reason is that the algorithm does not enumerate all possible combinations in
partially ordered tasks. However, in practice, our heuristics perform very well in finding a valid solution without
sacrificing performance. Our slack-based heuristics tend to examine more reasonable schedules first. Also, the
heuristic to lock the tasks before the recursion can help reduce the computation of the scheduler.

The schedule shown in Fig. 5 does not satisfy the max power constraint. Fig. 8 show the valid schedule after
applying the max power scheduler. Tasksh and f are delayed to remove the power spike.

5.3 Algorithm for min power scheduling

The goal of the min power constraint scheduler is to reduce the energy cost by improving min power utilization for
agiven valid schedule. The algorithm is shown in Fig. 9. Four parameters are passed to the algorithm: graph G,
vertex anchor, power constraints Ryax and Prin. A valid schedule ¢ is obtained from the power-valid scheduler at the
beginning of the algorithm. If o aready has full min power utilization, then no further improvement is necessary,
and the algorithm completes. Otherwise, it tries to find a power gap at time t and to delay some tasks scheduled
before t to fill this power gap. These tasks are can be delayed until t such that the new schedule is time-valid.
The agorithm also checks whether the new schedule has any power spikes, and whether its min power utilization
is better than the existing schedule. If so, it is a better schedule and the algorithm continues searching for further
improvement. Otherwise, the delay is canceled and the previous schedule is restored. The algorithm keeps locally
reordering tasks to produce valid schedules with improved min power utilization, until full utilization is achieved or
amaximum number of iteration is reached.

In order to find an “optimal” schedule whose energy cost is the minimized, the algorithm should examine all
valid partial orderings of tasks, which will increase the complexity of computation to an exponential order of tasks.
Therefore, we apply heuristics based on following observations. First, the scheduler may need to scan the schedule
multiple times. This is because delaying tasks to fill a power gap at time t may create new power gaps before t.
Also, since delaying one task x will change the slacks of other tasks that are constrained by X, there may be new
opportunities for reordering those tasks that are not eligible for delay previously. Asaresult, either new power gaps
or new tasks to fill other power gaps can be found after the algorithm scans the schedule again. Moreover, the order
in which to visit the power gaps will lead to different final schedules because different partial reorderings of tasks
are applied. This suggests that better schedules could be found if we scan the schedule in various orders in time
dimension, e.g. incremental order, reverse order, or random order. Finally, when atask u is selected to fill a power
gap at t, we consider aternative time dots to reschedule X, rather than just starting x at t. It is difficult to determine
the “best” time dlot for rescheduling x since it aters not only the power profile but also the slacks of some other
tasks. We also address this issue by heuristics. Some available heuristics are: starting x at t, finishing x at the end
of the power gap including t, or a randomly chosen time slot. In practice, we can scan the schedule multiple times
while altering some of the heuristics during each scan and take the best results.



MinPowerScheduler(Graph G, vertex anchor, Prax, Prin)
0 := MaxPowerScheduler(G, anchor, Prax)
if (o = FAIL) then
return FAIL
if (Po(Pmin) = 1) then
return o
improvement := TRUE
while (improvement = TRUE) do
improvement := FALSE
for (t inaheuristic order of range (0, 1)) do
if (Ps(t) < Pmin) then
S:= set of tasksthat start beforet
foreach x € Ssuch that delaying xtot — dy istime-valid do
o =0
B: delay x some time units such that x is active at t
if (gisvalidand pg(Prin) > Po (Pmin)) then
improvement := TRUE
if (po(Pmin) = 1) then

return o
else
undo added edgesto G in step B
o:=0

return o

Figure 9: Algorithm for min power scheduling.

The Boolean variable improvement refers to whether the scheduler finds a better schedule during one scan to the
existing schedule. If no further delay can improve the schedule, the algorithm terminates successfully. Each scan
(except the last one) will improve the schedule by delivering the same performance with a reduced energy cost.
Since min power constraint is a soft constraint, the schedule tolerates the existence of power gaps after it makes the
best efforts to remove them.

In this algorithm, tasks are locally reordered within their slacks during schedule improvement. This guarantees
that the delays always result in time-valid schedules. The algorithm also never introduces delays that either create
power spikes or incur a higher energy cost. Therefore, no additional rescheduling will be necessary after delaying
these tasks. Furthermore, the min power scheduler can possibly reduce the height of the power profile. Thisindicates
the same schedule can be applied to different power constraints without any extra effort to reschedule the problem.

Fig. 10 shows a better schedule that improves on the valid schedule in Fig. 8. Energy cost is reduced while the
height of the power profile curve is also reduced. In fact, the same schedule can be directly applied to all cases
with a range of constraints where 15 < Ryax < 20,2 < Prin < 15, without recomputing a schedule for each case.
This feature makes our statically computed power-aware schedules directly adaptable to a run-time scheduler that
schedules tasks according to the dynamically changing constraints imposed by the environment.

6 Experimental Results

This section presents scheduling results for the Mars rover operations and a case study for evaluating our power-
aware scheduling algorithms in a mission scenario.

The constraint graph for the Mars rover is shown in Fig. 11. Since the power consumption variesin three different
cases, the power attributes of tasks are not shown in the graph. To simplify the problem, we assume all heaters
are independent resources and one heater can heat two motors at atime. Therefore there are atotal of five thermal
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Figure 10: The improved schedule after min power scheduling.
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heaters. Four steering motors are considered a single steering mechanical resource. The six wheel motors are
modeled as one mechanical unit for driving. There isalso alaser guided digital component for hazard detection.

Fig. 12, 13 and 14 show the results for three cases after applying power-aware scheduling algorithms. Fig. 12
gives first two iterations of the loop in the best case. To utilize the available free energy, we manually unroll the
loop and insert two heating tasks to improve loop efficiency through better solar energy utilization. Therefore the
second iteration can be repeated without too much energy cost. In other cases only one iteration is shown since
loop unrolling is not necessary. In the best case, because the power budget is sufficient, a fast schedule is given by
allowing operations to overlap. In the typical case, parallel operations are still possible while some heating tasks are
seridlized. In the worst case, atight power budget forces al operations to be serialized, leading to a slow schedule.

The existing schedule used in the past mission was designed to be low-power. To avoid exceeding max power
supply, JPL uses a serialized schedule that is fixed in all situations, regardless of available solar power and power
consumption in different conditions. The existing schedule isidentical to our power-aware schedule computed with
the lowest min and max power constraints. The fundamental difference isthat, our schedule is completely constraint-
driven; whereas the existing solution is hardwired and does not track the power availability. The performance and
energy cost of our schedules and the existing schedule are compared in Table 3.

We use finish time 15 and energy cost Ecs(Prin) to the non-rechargeable battery as the metrics. The existing

Power Py 19.0
18.00 Ec: 388.0 maxe
16.00

14.00 p: 100%

12.00

1000 Hs12/Hs34|Hw12 Hw34 Hw56 Dr1 brz2 5 .90

min

8001 Hdy Hd2

6.00

4.00

2.00 CPU

0.0 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 Time

Figure 14: Schedule for the worst case



Solar power JPL _ Power-aware _
P (W) Energy cost | Utilization | Time | Energy cost| Utilization| Time
min Ecg(Pmin) ()| Pg(Pmin) T5 (S) | Ec(Pmin) 3)| PgPrmin) Ty (s)
14.9 0 60% 75 79.50%) 602"  81% 50
12 55 91% 75 147 94% 60
9 388 100% 75 388 100% 75
Table 3: Comparison on performance and energy cost
. JPL Power-aware
Time frame Solar power Distance Time Energy | Distance | Time Energy
(s) (W) (step) (s) cost (J) | (step) (s) cost (J)
0-599 14.9 16 600 0 24 600 1455
600 - 1199 12 16 600 440 20 600 1470
1200 - 9 16 600 3114 4 150 776
Total 48 1800 3554 48 1350 | 2391.5
IMProve-| 33 306| 32.7%
ment

Table 4: Comparison to schedules under a mission scenario

scheme only schedules for the worst case; while in other cases, solar energy is under-utilized and opportunities to
performance improvement are overlooked. However, JPL’s low-power schedule appears “economic” sinceits energy
cost islow. Our schedules, on the other hand, speeds up the rover’'s movement by up to 50% in the best case and
25% in the typical case, while drawing more costly energy from the battery. To evaluate this trade-off, we apply our
schedules and the existing schedule to a mission scenario when the available solar power varies over time, and then
evaluate the performance vs. energy cost in this bigger picture.

Suppose the mission is to travel to the next target location, which is 48 steps away from the current location.
The mission starts around noon when maximum solar power is present. While the mission isin progress, the power
output from the solar panel drops from 14.9W to 12W after 10 minutes, then fallsto the worst case at 9W 10 minutes
later. If the existing schedule is applied, the rover will spend 10 minutes evenly in the best case, typica case, and
worst case since it has a fixed moving speed (16 steps per 10 minutes). This results in along execution time (30
minutes) and considerable energy cost in the worst case. When our schedules are used, the rover finishes 50% of its
work (24 steps) in the first 10 minutes, 42% of work (20 steps) in the next 10 minutes, leaving the remaining 8%
(4 steps) in the worst case for less than 3 minutes. Since our schedules accelerate execution at the best and typical
cases, the rover can finish the mission earlier before having to work in the costly worst case. The results of this
case study are shown in Table 4. The analysis shows our schedules win both on performance and energy savings
considerably.

Fig. 15 highlights the property of the power-aware scheduler in a geometrical view. The top chart illustrates how
the power-aware scheduler adjusts the execution speed adaptively with available power budget, while the existing
scheme ignores the power constraint and always operates at the lowest speed. The workload is represented by the
integral of the speed curve over time. Therefore our curve reaches the given workload earlier because of higher
execution speed before operating in the worst case. The bottom chart shows the power cost from battery over time
and how it aters as power constraint varies. The energy expenditure is symbolized by the integral of power curve
over time. When the mission is completed, both the speed curve and power curve also end. Although our power
curve is higher in most time during the mission, by completing earlier we avoid further energy cost from integrating
ahigh power curve with alonger execution time. Therefore, given the same workload, the power-aware scheduler is
capable of achieving performance speedup less energy cost simultaneously.
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7 Conclusion and Future Work

Power-aware design becomes a more important issue in mission-critical systems that require best use of available
power sources and deliver high performance at the same time. We target the scheduling algorithms to embedded
systems with variable power constraints and various types of power consumers, as well as different energy sources
that are classified as costly power vs. free power. In these systems, power-aware techniques have potentials for both
performance improvement and energy savings.

In this paper, we present a constraint-driven model that incorporates power and timing constraints in a system-
level context. We propose three core algorithms that decompose the power-aware scheduling problems into steps.
Viathis incremental approach, we distinguish the properties of each sub-problem and apply heuristics to solve the
constraints by different methods. The case study to areal application demonstrates that our power-aware method is
capable of improving performance while saving expensive energy.

Several interesting issues in this dimension need further attention. To expand the applicability of our algorithms,
more effective heuristics need to be discovered. We would also like to incorporate more novel power management
technigues including voltage/frequency scaling into thistool to support more effective power-aware designs.
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