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latter could be leveraged by users of a system to understand how they are using up the charge stored
in the battery.

Given that energy-driven statistical sampling requires a small amount of hardware support that
is not provided by most current systems, one question that warrants investigation is to what degree
duration can serve as an approximation for energy consumption. To help answer this question, the rest
of this section compares energy and time profiles.

6.2.1 Procedure-level Profiles

Figure 12 presents the procedure-level time and energy profiles for eight of our benchmarks. For each
benchmark, the time and energy profiles individually identify all the procedures and modules to which
10% or more of the samples were attributed within either profile. All other procedures and modules
are combined in “Other”. Procedures whose names were stripped from their binary are named as
UNKNOWN_<starting.-address>_<size>. Finally, the procedures and modules in each graph
are ordered according to the number of samples that time profiling attributed to that procedure/module,
so that it is easy to detect when energy profiling reveals a different ordering.

Time and energy profiles differ if the profiled workload exercises multiple, distinct power levels,
which, as discussed in Section 6.1.2, is true for many of our benchmarks. For example, observe that,
for the benchmarks that spend a lot of time with the CPU idle, the idle routine component of the
time profile (i.e. OEMIdle) is much larger than the corresponding component of the energy profile.
Similarly, the profiles for CPU-cached+Game show differences in the proportion of time and energy
spent in the two executables. In particular, since time profiling is oblivious to the fact that Game
consumes energy at a much higher rate than CPU-cached, time profiling greatly underestimates the
relative energy consumption of playing the game.

If the profiled execution contains only a single dominant power level, however, time and energy
profiles will not differ substantially. This is demonstrated by the similarity of the time and energy
profiles for the Game and Download benchmarks. It is also demonstrated by the similarity of the time
and energy profiles of all of the benchmarks except CPU-cached+Game if the samples attributed to
the OEMIdle routine are ignored, as shown in Figure 13.

6.2.2 Discussion

The similarity in most of the profiles once the OEMIdle samples are ignored is an artifact of the
current-generation iPAQ platform. In particular, with the exception of cache misses, all instruc-
tions consume approximately the same amount of power [10]. The difference in power consump-
tion due to cache misses is substantial, as illustrated by the histograms for the CPU-cached and
CPU-uncached benchmarks in Figure 9. However, most procedures include a mixture of instruc-
tions and, as discussed in Section 6.1.2, the power consumed by background activity represents a
noteworthy fraction of the overall power consumption. As a result, the higher power consumption of
instructions that cause cache misses is usually not sufficient to create a substantial difference between
time and energy profiles.

Thus, the current platform exhibits only two processor-provided power states — CPU idle and
CPU non-idle — that frequently result in differences between time and energy profiles. Therefore,
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Figure 12: Summarized procedure-level time and energy profiles.
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Figure 13: Summarized time and energy profiles, excluding samples attributed to the OEMIdle

routine (i.e., while the CPU was idle).
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Module | Time (%) | Energy (%)
App-59 31.36 20.52
Module | Time (%) | Energy (%) App-89 20.84 17.56
App-206 22.01 41.13 App-118 15.67 16.32
App-59 77.44 57.50 App-148 12.47 15.57
Other 0.56 1.37 App-176 10.33 14.92
App-206 8.85 14.56
Other 0.46 0.54

Table 5: Time and energy profiles that illustrate the impact of frequency scaling. This data was
collected using our prototype built on top of an Itsy Pocket Computer.

time-driven statistical sampling can usually be used to approximate energy-driven statistical sampling
by ignoring the samples attributed to the OEMId1le routine. This conclusion, however, would not ne-
cessarily apply to a system that offered the ability to dynamically and quickly change the speed at the
which the processor runs. Such frequency changes would introduce other power states. Furthermore,
future-generation processors that support voltage scaling in addition to frequency scaling are likely to
display even greater variance in power states.

The impact that frequency and voltage scaling may have is suggested by the following two ex-
periments. These two experiments were performed on a prototype we built using the Itsy Pocket
Computer [3]. In the first experiment, we obtained time and energy profiles for a workload consisting
of running a long benchmark twice, first at a clock frequency of 206 MHz, then at a clock frequency
of 59 MHz. In the second experiment, we obtained time and energy profiles for a workload consist-
ing of running a short benchmark six times, each time with a different clock frequency (206 MHz,
176 MHz, 148 MHz, 118 MHz, 89 MHz and 59 MHz). Table 5 summarizes the results of these two
experiments. While these workloads are synthetic, the results indicate the inappropriateness of time
profiles for estimating the energy consumption of applications that exploit frequency scaling.

7 Summary and Future Work

While the issues with designing applications to reduce execution time are fairly well understood, a
similar understanding of how to design applications to reduce their energy consumption is lacking.
This report presented a new approach, energy-driven statistical sampling, that exposes information
about energy consumption. Energy-driven statistical sampling tools can help developers both reason
about the energy impact of software design decisions and identify application energy hot spots.
Energy-driven statistical sampling uses a small amount of hardware to trigger an interrupt at pre-
defined quanta of energy consumption. The interrupt is used to collect information about the program
currently executing, and the information thus collected is processed off-line to generate an energy
profile of where energy was spent during the program's execution. Sample summaries may also be
generated that offer developers insight into the temporal power profile of the workload and the power
states that it exercises. We have developed a prototype of this approach for the iPAQ handheld and
have presented in this report some of the insights we gathered with it. Our studies of this prototype
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and the one we built for the Itsy pocket computer [3] indicate that energy-driven statistical sampling
can provide an accurate system-level software energy profile with very little dynamic overhead or
hardware cost.

For the iPAQ prototype, we have compared energy-driven statistical sampling to time-driven stat-
istical sampling by comparing the profiles generated by these approaches for 14 benchmarks pro-
grams. Our results show that there are often significant differences between the profiles generated
by energy- and time-driven statistical sampling when the workload cycles through multiple power
states. On simple handheld systems, such as current-generation iPAQ handhelds, many applications
may exercise only a single power state other than idle mode. In such cases, time profiling should suffi-
ciently approximate energy profiling for the purpose of assisting programmers. However, preliminary
investigations indicate that emerging functionality, like frequency and voltage scaling, will increase
the differences between time and energy profiles, and therefore the benefit of energy-driven statistical
sampling.

A Sources of Error

In this appendix, we discuss the sources of error in our energy-driving profiling approach. Broadly,
the sources of error can be classified into two categories: (i) energy measurement related, and (ii)
attribution and analysis related. The rest of this section discusses each of these in detail.

A.1 Measurement-related Errors

We begin our discussion of measurement-related errors with a discussion in Section A.1.1 of an error
relating to battery-terminal voltage variation, and follow with a discussion of other errors in Sec-
tion A.1.2.

A.1.1 Battery-terminal Voltage Variations

Energy-driven profiling operates on the assumption that each interrupt signifies that the iPAQ hand-
held has consumed a fixed amount of energy. Since our energy counter integrates only the current
being drawn by the iPAQ handheld, an equivalent assumption is that each interrupt signifies that a
fixed amount of charge has been consumed. For an iPAQ handheld, the degree to which this latter
assumption holds depends on the degree to which the battery-terminal voltage varies.

To examine this relationship, for a range of battery-terminal voltages, we measured the current
drawn by one of our prototypes as it ran two workloads, each of which consumed a (relatively) con-
stant amount of power. Figure 14 presents the results of these experiments. Observe that there is
an inverse relationship between supply current and power consumption — in particular, the current
increases by approximately 10%, while the power consumption decreases by approximately 3%, as
the battery-terminal voltage drops from 4.2V to 3.8 V. We hypothesize that these relationships exists
because: (1) for a workload consuming constant power, as the battery-terminal voltage drops, the
current drawn must increase, and (2) as the battery-terminal voltage drops, an iPAQ handheld appears
to become more energy-efficient, and thus, the power consumption decreases.
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Figure 14: Current draw and power consumption as a function of supply voltage for iPAQ prototype
#2 while the iPAQ was displaying the initial PocketPC “start” screen. (a) shows the relationship with
the backlight off, while (b) shows the relationship with the backlight on at its highest setting and the
WL100 802.11b card powered but with no driver loaded. Similar data was obtained with the other
prototype and other scenarios.

The dependence on battery-terminal voltage can be ignored if (1) the battery-terminal voltage is
held (essentially) constant, and (2) if the user of the profiler is interested only in comparing the relative
energy cost of applications. If the first requirement is satisfied, then each interrupt will correspond
to a fixed amount of energy. If the second requirement is true, then the user may safely ignored the
exact value of the battery-terminal voltage since he/she does not need to know the value of the energy
quanta. If, on the other hand, the user requires the value of the energy quanta, then an experiment,
such as described in the caption of Table 1, must be done at each battery voltage of interest.

For our prototype, which uses a bench power supply, the battery-terminal voltage is sufficiently
constant. The battery-terminal voltage is affected by two components: the regulation of the bench
supply and the voltage drop across the fuse and sense resistor (see Figure 3(a)). The second component
is the most significant since our bench supply is well-regulated. The impact of this component can be
estimated by computing the relative increase in the number of samples attributed to a workload that
occurs with decreasing battery voltage. This increase, S, is given by Equation 3, where P is the power
the workload consumes at the nominal operating point, A p is the change in power consumption due
to a decrease in battery voltage, while I and Ay are the comparable quantities for current.

P—-Ap I+ Ap 1
Y )
To quantify the increase in the number of samples due to decreasing battery voltage, we determ-
ined experimentally that the voltage drop across the fuse and sense resistor was at most 140 mV for a
workload with a power consumption similar to the one used for Figure 14(b). Linear interpolation of
the data shown in this figure gives Ap = 14.04mW and Ay = 9.8 mA, and thus, from Equation 3,

S =100 x ( 3)
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Figure 15: Block diagram showing in bold the components required to support software control of the
energy quanta value.

we get S = 1.6%. This error is well within the margin of error of our approach.

If the iPAQ were powered by a battery rather than a bench supply, it may be important to explicitly
account for the current-power relationship. One possibility would be to characterize the current-power
relationship of the iPAQ, and then, using periodic sampling of the battery voltage, dynamically change
the amount of energy that must be consumed before an interrupt is generated. Figure 15 illustrates
how the basic energy-counter design can be modified to provide this functionality. As shown by the
use of bold in the figure, we replace the 12-bit binary counter with a preloadable count-down counter,
connect its zero-detect signal to one of the processor's GPIOs, and map the counter into the memory
space of the processor. The interrupt service routine used for profiling can then be modified so that,
on servicing each interrupt, it writes a new count into the counter. Since this count is decremented
each time the iPAQ consumes a minimum quanta of energy (see page 5), the software can change
the amount of energy associated with an interrupt (the energy quanta) in steps equal to the minimum
energy quanta.

A.1.2 Other Measurement-related Errors

A second measurement-related error is the inherent non-ideal characteristics of electrical compon-
ents. Of particular note is the time required for the multivibrator to discharge the capacitor, which
we determined empirically to be approximately 300 ns. For our benchmarks, the total time spent dur-
ing such discharges of the capacitor represents a very small fraction of each benchmark's run time.
The other component-related errors are also negligible due to careful selection of components and
operating ranges.

A third measurement-related error arises from the energy counter measuring the energy being
consumed by some of the components (monostable vibrator and the binary counter, Figure 1) of
which it is built. However, in practice, these components consume a negligible amount of energy
compared to that consumed by the iPAQ.

Finally, a fourth source of error is the degree to which the time-/energy-driven sampling software
perturbs the resulting energy profiles. An estimate of this error is the percentage of samples attributed
to executing the data-collection program. In our experiments, this percentage was 0.11% or less for
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energy profiling, and 0.13% or less for time profiling. Although the interrupt service routine cannot
be profiled, we can measure the time spent in the routine. For time-driven sampling, the percentage
of the total run time spent in the interrupt service routine is an estimate of the error it induces in the
resulting time profiles. In our experiments, this percentage was 0.48% or less.

For energy-driven sampling, to estimate the error that the interrupt service routine induces in the
resulting energy profiles, we first estimate the number of samples that would have been attributed to
the routine, and then express this estimate as a percentage of the total number of samples. We estimate
the number of samples that would have been attributed to the interrupt service handling routine by
assuming that the average power consumption while executing the routine is approximately the same
as during the initial portion of the CPU-uncached benchmark (i.e. before the audio system was
powered down) since, as with the interrupt service routine, this benchmark is memory-intensive, does
not include any idling, and does not use any devices. (We use the average power consumption while
the audio system was powered because executing the interrupt service routine will not cause the audio
system to be powered down if it is already powered.) For the Download benchmark, we adjust
the assumed power consumption of the interrupt service routine by the increase in average power
consumption due to the wireless card (i.e. the difference between the average power consumption of
Idle and Idle-Conn). Using this process, we estimate that the percentage of samples that would
have been attributed to the interrupt sampling routine is 0.70% or less for all of our benchmarks. We
have not estimated the error induced by calls to the sampling device driver because, with only the
information currently recorded in each sample, the corresponding samples cannot be distinguished
from samples due to other work performed by the device manager. However, experiments on the Itsy
suggest that this error will also be very small.

A.2 Attribution Error

To accurately attribute a sample to an instruction, it is important to minimize the delay between the
following two events: the monostable multivibrator generating a pulse P that will cause bit g of the
binary counter to be asserted (see Section 3.1), and the interruption of the program in execution so
that the interrupt can be serviced. This delay is composed of the time required for the interrupt to be
conveyed to the processor core, and the time required for the processor to begin servicing the interrupt.
For our prototype, the first component is on the order of nano-seconds, and is thus a small fraction of
the time between interrupts, which is on the order of milliseconds. Given that the power consumed
during such small time intervals does not vary significantly, the first component's impact is a marginal
variation in the energy quanta.

Regarding the second component, deferred interrupt handling could incur delay in some specific
situations (because the processor is handling a higher priority interrupt, for example), but such situ-
ations occur infrequently. In addition, the iPAQ uses a StrongARM SA1110 processor. Based on our
analysis of the SA1100 processor, which we believe uses the same core as the SA1110, one char-
acteristic of this processor is that, before servicing a trap or exception, the processor first completes
execution of all instructions in the decode and later pipeline stages. Thus, when the energy-counter
interrupt is processed, the sample will be attributed to the instruction that was fetched after the instruc-
tion that was in execution at the time that the interrupt was delivered to the core. Detailed information
about instruction delays, pipeline scheduling rules and interrupt handling on the SA1110 processor
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could be leveraged to adjust for this processor-induced skew in attribution.

A second source of error arises if phases of the application being profiled are synchronized ex-
actly with the discharging of the capacitor. While we believe that this source of error is not likely to
be exercised by applications, it may be guarded against by modifying the energy counter as suggested
in Section A.1.1 to allow the value of the binary counter to be written by software. With this modi-
fication, the energy quanta could be jittered by the interrupt service routine about some mean value.
Our time-driven sampler trivially supports the ability to jitter its sampling frequency; in particular,
during each interrupt, the time til the next sample was set to a random value within a small range such
that the sampling frequency varied between 283 and 310 Hz during our Record and Download
benchmarks, and between 328 and 367 Hz during all of the other benchmarks.

Finally, a third source of error concerns sensitivity to the sampling rate. The accuracy with which a
sample distribution reflects the true allocation of energy consumption for an application is proportional
to the square root of the number of samples [6]. However, larger number of samples can lead to greater
processing overhead and increased profiler intrusiveness. We performed sensitivity experiments in
which we lowered the energy quanta to as little as 92 uJ, thereby increasing the number of samples by
a factor of 32. We did not observe any significant difference in the procedure-level profiles.
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