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1. Power-Aware Computing

Reducing the power consumption is a fundamental criterion
in the design of battery-powered devices typical of modern
mobile embedded systems. Significant power savings can
be achieved at run time through the application of dynamic
power management (DPM) techniques [3], i.e. techniques
that – based on run time conditions – modify the power con-
sumption of the devices by changing their state or by scal-
ing their voltage or frequency.

Electronic systems are designed to deliver peak perfor-
mance, but they spend most of their time executing tasks
that do not require such a performance level. For instance,
hand-held personal digital assistants are mainly used to
run interactive applications (such as personal organizers
and text editors) whose main task is capturing sparse input
events, while cellular phones are reactive systems that are
usually idle waiting for incoming calls or user commands.

In general, electronic systems are subject to time-varying
workloads. Since there is a close relation between power
consumption and performance, the capability of tuning at
run time the performance of a system to its workload pro-
vides great opportunity to save power. DPM techniques
dynamically reconfigure an electronic system by changing
its operating mode and by turning its components on and
off in order to provide at any time the minimum perfor-
mance/functionality required by the workload while con-
suming the minimum amount of power.

The application of DPM techniques requires:(i) power-
manageable components providing multiple operating
modes, (ii) a power manager having run-time con-
trol of the operating mode of the power-manageable
components, and(iii) a DPM policy specifying the con-
trol rules to be implemented by the power manager. The
simplest example of power-manageable hardware is a de-
vice that can be dynamically turned on and off by a power
manager that issues shutdown and wakeup commands ac-
cording to a given policy. When turned on, the device is ac-
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tive and provides a given performance at the cost of a given
power consumption. When turned off, the device is in-
active, hence provides no performance and consumes no
power.

In all cases of practical interest, however, shutdown and
wakeup transitions have non-negligible costs both in terms
of energy and in terms of time. Transition costs make the
design of DPM policies a non-trivial task for two main rea-
sons. First, a shutdown can be counterproductive if the idle
period is not long enough to compensate for the transition
energy. Second, if a service request is issued when the de-
vice is inactive, the wakeup time adds a delay to the service
time that may cause an unacceptable performance degrada-
tion. In practice, transition costs limit the actual exploitabil-
ity of low power states and make it necessary to predict user
idleness to take DPM decisions.

The DPM techniques can be classified on the basis of:
(i) the predictor they use,(ii) the degree of control granted
to the power manager, and(iii) the nature of the decisions
it takes.

Existing predictors differ from each other both for the
target of the prediction and for the observed history used
to make predictions. As far as the exploitation of an inac-
tive state is concerned, the prediction target may be either
the occurrence probability of idle periods longer than the
break-even time, or the expected length of the next idle pe-
riod. Similarly, predictions may be based either on the aver-
age length of the lastn idle periods, or on the length of the
last activity burst, or on the first part of the current idle pe-
riod.

Depending on the degree of control that the power man-
ager has on the system, we distinguish between two main
classes of DPM techniques. We call shutdown techniques
those in which the power manager can only trigger shut-
down transitions, while wakeup transitions are triggered by
incoming requests. We call preemptive techniques those in
which the power manager may issue both shutdown and
wakeup commands and tries to preemptively wake up the
system in order to reduce performance penalties.

Finally, we distinguish between deterministic and



stochastic DPM policies. Deterministic policies take deter-
ministic decisions based on the observed working condi-
tions: the same decision is taken whenever the same condi-
tions occur. Stochastic policies take randomized decisions
whose probabilities depend on the observed working con-
ditions: different decisions may be taken under the same
conditions.

2. Impact-Predicting Methodology

Whatever policy is adopted, the introduction of the
DPM within a mobile computing device may have a
non-negligible impact on the overall system function-
ality and performance. It is therefore of paramount im-
portance to assess such an impact before the DPM is
introduced, in order to make sure that the system behav-
ior will not be significantly altered and that an intoler-
able degradation of the quality of service will not oc-
cur.

This objective can be achieved by following a methodol-
ogy that helps predicting the effect of the DPM through the
comparison of the functional and performance characteris-
tics of the system without and with DPM. Since it should be
applied in the early stages of the system design – in which
a high level of abstraction is admitted that favors the task
of verifying properties – the predictive methodology can
take advantage of formal description techniques, like e.g.
stochastic process algebras [4] and stochastic Petri nets [2],
as well as formal analysis techniques, like e.g. equivalence
checking [6] and model checking [5].

Although formal methods have already been success-
fully applied to the specific tasks of optimizing DPM poli-
cies [10, 12] or reasoning about power-constrained real-
time systems [13], they can be exploited within a broader
setting in which the objective is to predict whether the
adoption of a specific DPM policy is convenient or not,
by incrementally investigating the functional and perfor-
mance transparency of the considered policy. Obviously the
impact-predicting methodology can also serve for more spe-
cific purposes, because it can be used to tune the DPM op-
eration parameters in order to achieve a satisfactory energy-
quality tradeoff (if any).

For the sake of the application of the methodology, it is
useful to divide the DPM activities into two classes. The ac-
tivities of the first class are the ones that modify the state
of the power-manageable device, while the activities of the
second class are the ones that collect information about the
state of the power-manageable device. When the DPM is ca-
pable of modifying the state of the power-manageable de-
vice – in which case the behavior and the efficiency of the
overall system may be altered – we say that the DPM is en-
abled. On the contrary, when the state-modifying activities

by
 c

on
st

ru
ct

io
n

co
rr

ec
t

by
 c

on
st

ru
ct

io
n

co
rr

ec
t

va
lid

at
e

DPM disabled

DPM disabled

DPM disabled

F

M

G
simul. perf. comp.

noninterf. analysis

analyt. perf. comp.

DPM enabled

DPM enabled

DPM enabled

F

M

G

va
lid

at
e

tim
in

g
tim

in
g

re
pl

. g
en

.
ad

d 
ex

p.

re
pl

. g
en

.
ad

d 
ex

p.

tim
in

g
tim

in
g

Figure 1. Models and phases of the impact-
predicting methodology

of the DPM cannot be performed, we say that the DPM is
disabled.

The methodology to predict the effect of the DPM on
the functionality and the performance of a mobile battery-
powered computing device, which we recall from [1], is
shown in Fig. 1. As can be seen, the methodology requires
to build three pairs of models of the system – functional,
Markovian and general – each of which is incrementally
obtained from the previous one by adding further details.
Within each pair, one model refers to the system with the
DPM disabled, while the other one refers to the system
with the DPM enabled. The functional, Markovian and gen-
eral models are then compared two by two in three different
phases, in order to investigate the DPM impact on the sys-
tem functionality and performance.

2.1. Noninterference Analysis of the Functional
Models

The two models considered in the first phase of the method-
ology address only the behavior of the system. These mod-
els are used to check whether the introduction of the DPM
alters the system functionality or not.

In order to assess the functional transparency of the
DPM, the methodology resorts to the noninterference analy-
sis approach [9]. The general idea behind this approach is to
view a system execution as an information flow and to con-
sider that a group of system users (high users), employing
a certain set of commands, is not interfering with another
group of system users (low users) if what the first group of
users can do with those commands has no effect on what
the second group of users can see. This approach has tra-
ditionally been applied for security purposes, as noninter-
ference analysis can reveal direct and indirect information
flows that violate the access policies based on assigning dif-
ferent access clearances to different user groups.

In the framework of the DPM-related methodology, the



noninterference analysis is used to check whether the DPM
interferes with the behavior of the system as observed by the
system clients. In fact, from the noninterference perspec-
tive, the state-modifying activities carried out by the DPM
are the only high ones, whereas all the activities carried out
by the system clients are the only low ones.

The predictive methodology adopts the version of the
noninterference analysis approach based on equivalence
checking [8]. Establishing noninterference thus amounts to
verifying whether – from the client standpoint – the func-
tional model of the system with the state-modifying activ-
ities of the DPM being made unobservable is equivalent to
the functional model of the system with the same activities
being prevented from taking place (i.e. with the DPM dis-
abled). In the verification process, all the activities that are
classified as being neither high nor low have to be made un-
observable as well.

The formal notion of equivalence that is employed to
carry out this task is weak bisimulation [11], which relates
two system models whenever they are able to mimic each
other’s behavior while abstracting from unobservable activ-
ities. Should the two functional models above turn out not to
be weakly bisimilar, a Hennessy-Milner logic formula can
be automatically obtained that distinguishes the two mod-
els, thereby explaining why they are not equivalent [7]. This
formula can then be used as a diagnostic piece of informa-
tion to guide the modification of the behavior of the DPM
and/or the system in order to achieve noninterference.

It is worth pointing out that establishing noninterference
prior to the introduction of a specific timing of the system
activities, which may rule out some behaviors, ensures that
the DPM is functionally transparent in itself, not because of
the adoption of particular assumptions.

2.2. Analytical Performance Comparison of the
Markovian Models

Once functional transparency has been achieved, it has to
be investigated whether the DPM affects the system perfor-
mance. While in general the impact of the DPM on the sys-
tem behavior can be avoided by means of suitable modifi-
cations, it is practically impossible that the introduction of
the DPM does not alter the quality of the service delivered
by the system. Therefore, the purpose of this further inves-
tigation is to find a balance between the power consumption
and the overall system efficiency.

In the second phase of the methodology the two func-
tional models are made more complete by specifying the
timing of each system activity, thus allowing for perfor-
mance evaluation. Since the activity durations are expressed
in this phase through exponentially distributed random vari-
ables, the derived models are Markovian models yielding
continuous-time Markov chains.

These models do not need to be validated against the cor-
responding functional models, since they are directly ob-
tained from the latter by attaching exponential delays to the
state transitions. In other words, the two Markovian models
are consistent by construction with the corresponding func-
tional models, in the sense that the state space of each of
the two Markovian models is isomorphic (up to the transi-
tion delays) to the state space of the corresponding func-
tional model. As a consequence, whenever the two func-
tional models meet noninterference, then so do their corre-
sponding Markovian models.

When applying the methodology in practice, the correct-
ness by construction and the resulting preservation of non-
interference depend on the precise way in which the func-
tional models are extended as well as on the expressive
power of the formalism adopted to develop the models. As
an example, in order to measure the percentage of time that
the system spends in states characterized by different power
consumption levels, it may be necessary to introduce self-
looping transitions (with arbitrary exponential delays) in the
considered states. Since they are neither high nor low, hence
they can be made unobservable, such additional transitions
do not affect noninterference.

More troublesome can be the specification of the fact
that the duration of certain activities is negligible from
the performance viewpoint, which is accomplished through
the so called immediate transitions provided by some for-
malisms (see, e.g., [2, 4]). Since the immediate transitions
take precedence over the exponentially timed ones, their use
may alter the state space of the Markovian models with
respect to the state space of the corresponding functional
models. As a consequence, noninterference may not be pre-
served. Assuming that the immediate transitions are con-
sistently used in the two Markovian models, the noninter-
ference analysis should be repeated in the second phase
only if some of the state-modifying activities of the DPM
are characterized through immediate transitions. The rea-
son is that, since these activities are the only ones to be en-
abled in one model and disabled in the other model, they
are the only source of potential violation of weak bisimula-
tion when they take precedence over other activities.

The two Markovian models can be solved analytically
through standard techniques. This opens the way to the
comparison of the system with the DPM disabled and with
the DPM enabled on the basis of certain performance mea-
sures – like power consumption, system throughput, radio
channel utilization, and quality of service – obtained when
varying the DPM operation rates. Such performance indices
can easily be expressed through a combined use of cumula-
tive and instantaneous rewards. This investigation can then
be exploited to tune the frequency of the DPM operations,
in such a way that a reasonable tradeoff between the power
consumption and the overall system efficiency is achieved.



2.3. Simulative Performance Comparison of the
General Models

In the third phase of the methodology the two Markovian
models are made more realistic by replacing the exponen-
tial distributions with general distributions wherever neces-
sary to better characterize the actual delays.

Since substituting general distributions for exponential
distributions may not be a smooth process, the general mod-
els may need to be validated against the corresponding
Markovian models. For instance, in those formalisms that
do not directly support general distributions (see, e.g., [4]),
major modifications of the Markovian models are needed in
addition to the distribution replacement. In such a case it is
necessary to assess the consistency of each of the two gen-
eral models with respect to the corresponding Markovian
model. This is accomplished by verifying that both models
result in comparable values for the considered performance
measures, when substituting exponential distributions back
for general distributions in the general model in a way that
preserves their expected values.

As another example, noninterference may not be pre-
served. In fact, the replacement of exponential distributions
with general distributions no longer having infinite support
may alter the state space of the general models with respect
to the state space of the corresponding Markovian models.
This is similar to what happens in the Markovian models
when using immediate transitions. Therefore, assuming that
the distributions with finite support are consistently used in
the two general models, the noninterference analysis should
be repeated in the third phase only if some of the state-
modifying activities of the DPM are characterized through
distributions with finite support.

Once the validation succeeds, the two general models
can be simulated via standard techniques in order to esti-
mate at a certain confidence level the same performance
measures considered in the second phase with the DPM dis-
abled and with the DPM enabled. The comparison of the re-
sulting figures should then guide the decision about whether
it is worth introducing the DPM in certain realistic scenar-
ios. If so, the figures should also help tuning the DPM op-
eration rates without compromising the achievement of the
desired level of quality of service.

We conclude by observing that the second and the third
phase both refer to a performance comparison of the sys-
tem with the DPM disabled and with the DPM enabled.
Since the third phase addresses more realistic scenarios, one
may want to skip the second phase, thus going directly from
the first one to the third one. Although possible, this is not
recommended. In fact, even though the Markovian models
may not be realistic, the performance figures obtained from
their analytically derived solution constitute the only means
to validate the simulation results of the general models in

the early stages of the system design. Moreover, skipping
the second phase would introduce a gap in the incremen-
tal modeling process enforced by the methodology, which
may likely cause inconsistencies between the general mod-
els and the corresponding functional models.
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