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Abstract—Power has become a major concern for mobile energy efficiency from the user’'s perspective, exploiting user
computing systems such as laptops and handhelds, on whichjnterface information and human factors.
a significant fraction of software usage is interactive instead
of compute-intensive. For interactive systems, an analysis shows L
that over 90% of system energy and time is spent waiting for A. Energy characteristics

dynamic power management (DPM) and voltage scaling (DVS) . : )
techniques to reduce system energy. In this work, we propose problem we wish to solve. Fig. 1 shows the system power con

to utilize user interface information to predict user delays based Sumption when a user interacts with the Qtopiaq2jculator
on human-computer interaction history and theories from the on a Sharp Zaurus SL-5500 PDA to comp($8 x 56) + 45.
field of psychology. We show that such a delay prediction can be The power is sampled 400 times per second. Details of the
combined with DPM/DVS for aggressive power optimization. We  power measurement technique are presented in Section VIIL.

verify the effectiveness of our methodologies with usage traces . . -
collected on a personal digital assistant (PDA) and a system power Calculator is used in a manner similar to a real calculator. Its

model based on accurate measurements. Experiments show that
using predicted user delays for DPM/DVS achieves an average
of 21.9% system energy reduction with little sacrifice in user
productivity or satisfaction.
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. INTRODUCTION 051

Power has become a dominant concern for mobile com- o3 F

puting systems. While previous low power techniques were
. . . . . 0.1 I I I I L

mostly concerr)ed with compute-intensive apphcgtlons, .the 0 200 800 1200 1600 2000 2400
usage of mobile computing systems is mostly interactive.
With human users involved, the system behavior becomes very
difficult to predict without user information, rendering many
existing low power techniques much less effective.

Before the next user input, most interactive applicatioq:? 1
. o e 9. 1.
simply block and wait idly. Such applications are called

passively interactiveror example, mo§t pgrsonal informatio raphical user interface (GUI) presents buttons similar to the
management (PIM) and office applications belong to th

e X rdware buttons on a real calculator. The user makes inputs
category. In other cases, the applications proceed in thsy tapping the GUI buttons with a stylus

own_specmc way if the_r<_e IS No_user input,g., in many As shown in Fig. 1, there are valleys separated by nine major
gaming and global positioning system (GPS) applicationsyer peaks, which correspond @ulculator’s responses to
Such applications are calledttively interactiveln this study, appings of GUI buttons. In the valleys, the system waits for

we focus on passively interactive applications and just use er input while the operating system (OS) does maintenance
term “interactive” to refer to them unless otherwise indicate bs like handling timer interrupts and scheduling, which
Our work was originally presented in [1] and is present ﬂtroduces small fluctuations and several minor spikes in

with significantly more details in this paper. To the best Gho ajiey. Such power characteristics are typical of most
our knowledge, our work is the first that addresses 'dle't'rri]ﬁteractive systems

# Samples

Power consumption of Sharp Zaurus while runniigculator.

To see how much time and energy the idle valleys take,

Acknowledgments: This work was supported by DARPA under contral{® ‘f’mallyzed usage traces from two users for. four Qtopia
no. DAAB07-02-C-P302. applications shipped with the PDA (see Section VIII for




details). The analysis showed that over 90% of the time atite delay. However, they still focus on system busy time.
energy was spent in waiting for user input. Similar findingk [18], the authors studied user interface event information
have been made in [3] but for desktop computers. Moreovéoy performing DVS. They also only targeted the system
most of the waiting periods are longer than 500ms. Sudlusy time. For GUI-based applications, we found in [19]
system idle periods are long enough for many systems tteat reducing GUI and display-related energy can be quite
save energy by entering a low-power mode with a relatiwdfective for interactive systems. It is also extremely important
long exit latency, which is impossible for commonly usetb accelerate application usage through GUI designs to achieve
timeout-based power management. However, if the systemeigergy efficiency.

woken up from the low-power mode by user input, the exit In this work, we will show how user delay prediction can be
latencies may be too long to be unnoticed by users, and maged to put the system into low-power modes with relatively
lead to severe degradation in user productivity. Therefore, lttng exit latencies during user delays without sacrificing com-
effectively utilize such opportunities and avoid sacrifice iputer responsiveness much. Using low-power modes with long
computer responsiveness, two questions must be answereéxit latencies in a non-timeout fashion is by no means new.

e When does the system begin waiting for user input? [N [20], IBM researchers put a Linux watch system into its
e How long does it wait? STANDBY mode whenever possible and let user input wake

The answers to these questions also provide importdpt/P- The STANDBY mode had an exit latency longer than
information about how hardware resources will be used KYOMS: Although such a latency was obviously perceptible

the application. Therefore, they can be used to better dri users and might not be acceptable for most applications on
dynamic voltage scaling and device power management dheld computers, the authors considered it to be acceptable

well. This work is primarily concerned with seeking answer?;Dr applications on th'e Linux watch. In [21], t_h.e authors
for these questions. implemented a technique, calledSleep, that utilized the

SLEEP mode of Intel SA-1100 with an exit latency of about
10ms to reduce system idle time power consumption. Since

B. Related work the latency is well below the human-perceptible threshold,

A lot of research has been devoted to developing enerthiere is no need for user delay prediction. However, the power
efficiency techniques for mobile computing systems. Howevagnsumption of the SLEEP mode of Intel SA-1100 can be
most past works focus on the system busy time instead of idlether reduced by disabling the 3.6864MHz clock but with an
time, thus addressing the less important problems. For thaseét latency of about 160ms. In this case, user delay prediction
that do address idle time, the techniques are preliminary. is necessary to guarantee computer responsiveness as we will

DPM/DVS techniques are concerned with changing sydiscuss later on. However, neither work addressed user delay
tem performance levels dynamically to reduce system enengediction for power management.
consumption, and have been extensively investigated [4], [5].Like most DPM/DVS methods that use application infor-
One of the key problems such techniques address is resourggion, our approach also suffers from the limitation that it
usage prediction. Various predictive and stochastic techniqueguires changes to be made to the application source code,
have been proposed for this purpose [4], [6]-[9]. A numbespecially the user interface, or GUI toolkits. However, in view
of techniques have been proposed to improve the predictiohthe limited number of GUI toolkits for popular handheld
quality. For example, the power manager can be adaptedctumputers and smart-phones, we believe a GUI toolkit based
the resource usage history to make better predictions [4]. implementation does not impose a major burden.
these workstime-outis the common and implicit approach
adopted for guessing when the system begins waiting for Paper contributions and overview
the next event. However, as demonstrated in [10], [11], mostAs is evident from above discussions, new approaches are
existing resource usage prediction methods may work well fageded to answer the questions posed in Section I-A to exploit
compute-intensive tasks, but not for interactive tasks. In [12he energy-saving opportunities. We outline our approaches
an exponential cumulative distribution was used to modaéxt.
user requests for power management. This is stochastic i) When does the system begin waiting for user inpast
nature and cannot accurately predict individual user delaysteractive applications are implemented in an event-driven
More recently, application-specific information has been uséskhion with an eventloop and a number of event handlers.
for resource usage prediction [13], [14]. In [15], the authoM/hen the system is in the eventloop, it is idle, waiting for
proposed application programming interfaces (APIs) to utiliagser input. Upon receiving a user input, the system calls
hints from applications for better I/O device power managéhe corresponding event handlers to respond. After the event
ment. handlers finish execution, the system returns to the eventloop.

Although many works [10], [11], [16], [17] have usedThis is illustrated in Fig. 2 using the Qtopi@alculator as
interactive applications as their benchmarks, they have treated example. Note that only the two primary event handlers,
these applications in the same fashion as compute-intensirgerNumber(int n)and std buttons(int n) are shown for
ones without exploiting any interactivity feature to makelarity. They are invoked by user tapping a digit button and a
resource usage prediction better. Some of them [16], [17] haumctional button, respectively.
proposed to utilize the human-perceptual limit to slow down The system starts waitinghenever it returns to the event-
the system so that it can respond before the user can percédap. Therefore, the application can simply notify the system



User input  Based on our approaches to address the two questions posed
earlier, we show how the proposed user prediction techniques
can be implemented in Section V. The predicted user delays
can be combined with DPM/DVS techniques to significantly
reduce system energy consumption. A theoretical analysis for
user delay prediction-based DPM/DVS policies is offered in
Section VI. The energy benefits of our techniques are demon-
strated based on a StrongARM-based Linux PDA. The usage
traces, PDA system power model and its DPM/DVS policies
SNy AN A NN S—— LN are detailed in Section VII. The benchmarks and experimental
User tap§s a setup are described in Section VIII, and experimental results

___________________________________________________________________

System idle Eventloop

User taps a . . . ) : :
digit button functional button in Section IX. Discussions are offered in Section X and

e B S [ conclusions in Section XI.

Il. APPLICATION MODELING FROM THE USERS
PERSPECTIVE

In this section, we explain how an interactive application
can be partitioned into states so that what the user sees and
how he/she responds is relatively consistent in any given state,
making the state user delay more predictable.

Fig. 2. Interactive application: eventloop and event handlers
A. State-transition diagram extraction

) State-transition diagrams (STDs) [22] have been proposed

when it enters the eventloop. earlier to model computer-human interaction and specify user

2) How long does the system waifhis question is equiv- interface design. In this approach, an interactive application
alent to how long the user delay is. Without the knowleddge modeled as a finite-state machine. Each state corresponds
of what the user is responding to, it is extremely difficult t@o a unique functional stage that waits for user input. The
answer this question. This is exactly why most conventionapplication changes state upon a user input/action. Such an
DPM/DVS policies are not much successful for interactivgTD, provided as a specification of the application, offers a
systems. Any information from the interactive application wilesign guide. However, we need an STD extracted from the
help. If we know the application type, we may be able tignplementation in order to implement user delay prediction.
estimate user delays better since, for example, user delays fons illustrated in Fig. 2, interactive applications are usually
text typing are statistically much shorter than those for playingplemented with an eventloop and event handlers, which
Go. We can keep a user delay record for each application agéfine an STD. The application waits for user input in some
predict its next user delay based on the application-speci§gecific “state”. Since an event handler processes user inputs
record. This will improve the predictability of user delays, yeand generates new information for the user, it transitions the
still suffer from the fact that the user may incur very differengpplication into another state (in some cases, the transition
delays in different parts of the same application. For exampl@ay be to the same state). Therefore, event handlers, with their
the user delay after clicking the “File” menu in a text editofriggering user inputs/events, correspond to transition arcs of
will be much longer than that after keying in a letter. the STD. If we assume every event handler transitions the

A step further from the above monolithic view of an appliapplication into a unique state, an STD is naturally defined by
cation would be to make a distinction between different partise event handlers. The event handlers that lead to a state in
of an application that have a different impact on user delaythe STD are calledtate triggers The event handlers that lead
We propose to model or partition the application from ththe application out of a state are callsthte escapers
user’s perspective. Each partition, callgdtein the following As an example, the STD for the Qtopidalculator is
discussion, presents relatively consistent information to tlestracted as shown in Fig. 3. There are two stalésmber
user, and requires relatively similar user reactions. Therefoedter a digit button is tapped anflunction after a func-
such a state will have more consistent and predictable usien button is tapped. The corresponding state triggers are
delays than the whole application. We address how an interterNumber(int nand std buttons(int n) respectively. These
active application can be modeled as a finite-state machimeo event handlers are state escapers for Béthmber and
for this purpose in Section Il. Based on such a modeling, weunction. Such acomplete STD is actually the most detailed
propose to utilize user interface information and theories froBiTD that can be extracted from the implementation. It provides
psychological studies to predict each state’s user delay lovtbe complete system-user interaction description. Note that an
bound. Without utilizing user interface information, we camevent handler in the implementation may correspond to more
also predict the next user delay in a state based on the histthrgn one transition arc since the same event handler can be
of user delays in that state. These two prediction approaclaesivated from different states. Therefore, all the arcs entering
are described in Sections Il and 1V, respectively. a state correspond to the same event handler. In the complete



______________________________________________________________________

System idle time may lead to user productivity degradation and such

a degradation is dependent upon users and tasks [24]. For
example, it was demonstrated in [25] that system response
i latencies beyond 1 second could degrade user productivity by

about 50% for some tasks. Such a degradation may yield back
any gain in system energy efficiency through the use of power-
saving modes. Unfortunately, there are no established direct
guantitative links between system energy efficiency and user-
perceived latencies. In this study, we will evaluate prediction
methods in terms of the tradeoffs between energy savings and
user-perceptible latencies they can make. One method can be
better than another only in the sense of Pareto optimality.

Function Number

enterNumber std_buttons

STUDIES

\ Systembusy If the content of the user interface of an STD state is known,
the length of the user delay can be predicted based on what
a user sees and how he/she needs to respond. There are three
\j Event handler State bas@c processes involved in a user’s response to a system [26].
During the perceptualprocess, the user senses inputs from
the physical world. In our scenario, it is the process of the

i I11. USER DELAY MODELS BASED ON PSYCHOLOGICAL

—— State transition user reading information presented on the display. During the
cognitiveprocess, the user decides on a course of action based
Fig. 3. The STD for the Qtopidalculator. on the input. In our scenario, it is the process of the user

deciding which button to push, which menu item to click,
STD. th . ina b h ¢ etc. Finally, during themotor process, the user executes the
; there Is a one-to-one mapping between the set of stafgggq by mechanical movements. These three processes are

and Fhe set of event h.andlers. It we qnly care abogt_ SOMGnsecutive in time. Before the user physically touches the
specific user delays during system-user interaction or it is haor tem input peripherals, the system is idle

to derive the complete STD, we can identify event handler
which lead to the important states only. Instead of a complete Perceptual delay

STD, we will then have @artial STD, in which there is a For most modern computer systems, users get information
one-to-one mapping between the set of states and a sul?set th ¢ th h visual and ' git h s b
of event handlers. Moreover, an STD, whether complete gpm the system through visual and auditory channels by

partial, can be compacted by clustering multiple similar staté%aa?r?gl and listening. In this study, we focus on the visual

into one, based on user interface content or profiling, to form . :
Psychological studies have shown that humans read through
a clusteredSTD. In a clustered STD, a state may correspon . . )
Iscrete eye movements, which consist firations and
to more than one event handler.

The event handler-based STD provides us an opportunityst%ccades' Fixations are states in which the eyes are focused

implement state-specific user delay prediction. Once we kn on a object statically. Saccades represent rapid eye movements

: . ?}Nm one fixation location to another. Information is absorbed
that a set of event handlers will lead to a state, we can insert, .~ . .. .
only in fixation, which lasts fron60 to 700ms. A saccade

code into these event handlers to convey to the power manaigd s about30 To estimate the perceptual delay we
the identity of the state and the predicted user delay. This,Is ms: P P Y,

. : have to estimate the number of fixations (or the number of
addressed in Section V. : .
saccades) and the duration of each. In order not to negatively
o impact user productivity, we estimate durations of these delays
B. User delay prediction conservatively.

Unlike many other prediction problems, errors in user delay Computer display information can be categorized as graph-
prediction may have very different effects on the system aichl and textual. Graphical information is presented through
the user. In other words, the cost of errors is heterogeneogsphical objects which consist of 1) window objects, such
making solutions from standard time-series prediction theas buttons, radiobuttons, menus, menu itemais,, and 2)
ries [23] inappropriate. If the predicted delay is shorter thapictures or figures. To simplify delay estimation, we assume
the real user delay, the prediction is an underestimation agach graphical object requires one separate fixation and each
conservative. If it is longer than the real user delay, it is dixation lasts for the minimal60ms. Therefore, for each
overestimation and aggressive. Underestimation wastes powgaphical object, a delay ¢foms (one minimal fixation plus
saving opportunities and overestimation may lead to useme saccade) is added.
perceptible latencies if the system is put into a power-savingFor textual information, psychological studies [27] have
mode with a long exit latency. It is well-known in humanshown that college students can raud (read with comprehen-
computer interaction research that a longer system resposi&m) at a typical rate of 300 standard-length words per minute



or five per second. The standard-length word was assumed to _
| . | X ’W\new 0O a ﬁ 2
have six characters. For a text withwords, the typical time 03 Hew
. . ntact

for rauding is 2 et

ﬁ Delete

. onXcpw  mXcpw & Find
= Wpmx6 30 (s) Wirite Wail To
My Personal Details
wherecpw is the average number of characters per word and Arrange Ecit Fields
Wpm is the rauding rate in terms of the number of standard-
length words per minute. If a text is associated with a graphical
object, the reading time is used as the fixation length for
the latter. For example, the delay to get information from a
message box which contains a four-word text with an average
of six characters per word, and two buttons with “OK” and Gl ~asl <2 o4t
“Cancel” on them, respectively, can be estimated as
Fig. 4. A menu window from the Qtopia applicati@ontacts.
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where there are three saccades and three fixations, wheseMotor delay
lengths are estimated using the rauding rate. It also takes time for a user to make a physical movement.

In most PDAs, users respond by touching virtual objects on
the touch-screen with a stylus. The Fitts Law [30], [31] states
that for a normal human being, the motor time (MT) to carry

The Hick-Hyman Law [28], [29] states that the time tout a movement is related to the size of the target and the
make a decision (the reaction time, or RT) based\Vodistinct distance to the target as follows:

choices of equal probabilities is given by

B. Cognitive delay

A
MT = 0.23 + 0.166 - logy(— + 1 2
RT =a+blogy, N (s) 1) g2y +1)  (s) @

where A is the amplitude of the movement amd the width

Paramgterm and b are constants .that- can be empmcall;bf the target as measured in the direction of motion. We have
determined. Based on the information in [26], we assmmeaclopted the values for coefficients from [31]

1 . )
to be0 andb to be . Therefore, to decide which one from The above three models are together referred tcthas

7 . .
two buttons to tap, a user would think for approximately4 &sychological modein this work. As an example, consider
e popup menu window shown in Fig. 4 with four items.

second. To choose one item from a menu with four differe

lﬁeg}s, Ia user WOUIdhthmk for ai)pr(:]xm;?teklyﬁg secind. It will take four fixations and four saccades for the user to
abie sumrr_1ar|zfes ?W we apply the Hick-Hyman Law 1@, mine the menu. The perceptual process will take about
various user interface features. 360ms. The Hick-Hyman Law indicates that about 290ms

TABLE | will be needed for making a decision from the four choices.
NUMBER OF CHOICES FOR DIFFERENT USER INTERFACE Suppose the hand movement altitude is about one quarter of
FEATURES USED IN THEHICK-HYMANLAW the screen height and the width of the target (the menu item)

is about one sixteenth of the screen height. Then the Fitts Law

GUI features H number of choices ‘ 2 . i
Group of N butions N mgllcates that thg motor time will be about 600ms. Altogether,
Group of N radiobutions N this GUI state will take an average user more than one second
Each checkbox 2 (on or of) to respond to. Usgr delays of such durauon are Iong enough
Vet bar with N ftems N to put the system into a onv_—power mode with an exit Iatency
_ _ up to several hundred milliseconds. However, they are still
A st of N items N too short for conventional timeout-based power management

policies.

The Hick-Hyman Law can be useful only if the number of Perceptual and motor delays can be predicted rela_tively
different choices,N, is known. Unfortunately, it is hard or weII._However, the cognitive delay can be only co_nservatwely
even impossible to estimat¥ for many cognitive process:es.per'Cted based on the H!ck-Hyman. Law, as mentlc_)ned before.

Therefore, the psychological model is used to predict the lower

For example, menu selection may actually involve morg nd on the user delay in this study. In the next section, we
choices for a user than the number of menu items because Hg y y. ’

user may evaluate the consequence of selecting an item §rr] ose a history-based user delay model to predict the actual
the possible subsequent choices to decide whether to se eetY:

that item or not. A goodGo player evaluates the current

choice by considering what choices he or she would have many IV. HISTORY-BASED USER DELAY MODEL

steps after this pending move. In this study, we conservativelyThe psychological model is user interface content-based. It
assumeN to be the number of most direct choices. predicts user delay based on what users will see. In some



cases, it may be difficult to know the user interface conterithen we define théabitual set®(p) as

Moreover, it only offers one tradeoff between energy savings

and user-perceptible latencies, and does not adapt to different ~ ®(p) = {DLVPI+I pLNeI+2  pIN-(=p)]}

users and the same user at different times. Therefore, we also

devise a user delay model based on past observations. Befehere 0<p<0.5 with a typical value 0f0.25. ®(p) contains
introducing the model, we first look into the statistics of usehe centralN-(1 — 2-p) items of the sorted series. It is a set
delays. extension of the concept of a median. Whes 0.5, it reduces
to the median. Whep = 0, it leads to the mean instead. Let
me denote the mean ob(p). Then the next user delay for

A. User delay statistics
y the state is predicted as

Fig. 5(a) shows the trace of user delays for the d¥atmber
of the QtopiaCalculator, collected over three days. Note D = B-ma
that the X-axis is not time. The lower bound on user delays

predicted by the psychological model is plotted in Fig. 5(@}nere 5 > 0. 4 is called thepessimism factor and is used

and also shown in Fig. 5(b). to generate different tradeoffs between overestimation and

As illustrated by Fig. 5, the user delays for a state afgjerestimation. Note that the mean instead of a percentile
quite randomly but tightly centered around the mean at whighy| e of the habitual set is used sinves usually small. There

the major peak in the distribution is located. A small grougre tyo rationales behind using a multiplicative factor instead
of randomly-occurring long delays form a minor peak in thg an additive one. First, different states have different mean
distribution too. Such randomness makes accurate user de{ay; gejays, and second, states with larger means usually have
prediction impossible. Fig. 5(a) also shows the leaming effeglger standard deviations. A constant multiplicative factor

over the three days: the user delay, in general, declines slighffyy ks petter for different states than a constant additive factor.
however, in a not very obvious fashion. We also observed that

the standard deviation of user delays in a state is large when

the corresponding mean is large. C. History-based vs. psychological models

B. History-based model The history-based and psychological models are intended
it h thered a | ‘ hist ; del for different purposes. The psychological model is intended
we have gathered a long-lerm nistory ot user delayy predict the lower bound on the user delay of a state. On

of a s_tate, we can ob_taln a dlstr|but|_on similar to Fig. 5(b}he other hand, the history-based model is used to predict the
By using values at different percentiles of the sorted long-

%ue length of the next user delay. By using the pessimism
term history, we can make different tradeoffs between ov g Y- By g P

N o . . ictor to scale the prediction, it can achieve various tradeoffs
estimation and underestimation, leading to different tradeoyS,  aen energy savings and user-perceptible latencies. The
between energy savings and user-perceptible latencies. )

. . Q)EChologicaI model is intended to predict the lower bound
example, if we use the minimal value or the value at a ve

| fitth tile of the | ¢ hist s a constant that holds for all users and even after enough
ow, say Tiith, percentie ot ne long-térm history, we CaliSractice. The history-based model is intended to adapt to

essentially achieve a lower-bound prediction even better thg erent users and the same users at different times effectively.

the prediction based on the psychological model. There are : .
o ; The history-based and psychological models complement
however, some limitations of such methods. First, they are : . S
. : o . . : each other. Indeed, a history-based model using the minimal
not reliable until a significant history record is available. For : )
. - . . value or the value at a small percentile of the history can
example, using the minimal value in the history record car, . .
N achieve the same goal as the psychological model for pre-
lead to a lot of overestimation before a reasonable short user..
. dicting the lower bound on the user delay, but after enough
delay is observed. Second, they do not capture short-term . :
. . . observations have been made. It is useful only when a long
trends effectively since such trends may be easily obscurg . . — .
. : . history is available for the user and initial errors of overesti-
in the long-term history. The tradeoff between energy savings . T
. ) ation can be tolerated. In the case that overestimation is not
and user-perceptible latencies may undergo unwanted cha:g S
[

over time. Therefore, although long-term history-based me Iérable, the psychological model can be used before a long

ods have some value, short-term history-based methods arsetory is available.

preferred since they do not require a significant history and '€ hlstoliy-balsedd moﬂel enjhoys S|mpI|C|tyf of implemen-
can adapt to trends efficiently. Moreover, short-term histor{2tion- No knowledge about the user interface content is

based methods are computationally much simpler in gener. _quired. On the other hand, the psychological model has to

Based on the above comments, we devise a predictigpoW the user interface content, which may be complex and
method similar to median filtering based on recent historgynamic. Moreover, the Hick-Hyman Law has limitations in

Let D' denote theith last observed delay for an STD state M0deling complex cognitive processes. Thus, the psycholog-
and N the total number of past user delays recorded for thigg! Model is more accurate for user interfaces that do not
state. The large is, the longer is the history used. involve complicated cognitive processes. Therefore, different

The delay record is sorted to generate a new series so tﬂSPY m_odels ShOU|d_ be used for different states ?‘”d different
applications to exploit the strengths of both the history-based
D! <D?<..<DF and psychological models.
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Fig. 5. User delay statistics for Stadéumber of Calculator for user 1.

V. IMPLEMENTATION OF USER DELAY PREDICTION of popup menu windows like the one shown in Fig. 4. In

In this section, we address how user delay prediction can§& POPUp menus are instantiated as objects of the class
implemented based on the application source code and G@ffoPupMenuQpopupmenu::showgndQpopupmenu::hide()
toolkit. We assume the application can convey to the powdfe called whenever a popup menu window is shown and
manager the predicted user deldy, via a functional call hidden, respectively. Th_e begln_nmg of the user delay is marked
NotifyDelay(D). The power manager then determines wh& the end ofshow(), into which NotifyDelay() can be

step to take for saving energy, which will be addressed ifserted. o _
Section VII. For history-based prediction, the user delay can be estimated

as the time elapsed between the endsdbw() and the
A. Fully customized implementation beginning ofhide() by augmentingshow() and hide(). The
o ) ) data structures that maintain the history can be added to the

When the appllcat_|on source code is available, one C@ﬂgopupMenu class. They are accessed at the endifi()
extract t.he STD for important states and augme.nt.the €96 make the prediction foNoti fyDelay() and updated at the
responding event handlers for user delay prediction. TRRqinning ofhide() with the newly observed used delay.
beginning of a state’s user delay is marked by the end ofThe opopupMentciass also provides enough data through
its triggers, whereNotifyDelay() should be inserted. For \emper methods for psychology-based predictiane() re-
history-based prediction, a global Va.rlab&@,rrent,state, IS turns the size information for the popup windovaunt()and
added to note the current state. It is updated at the endi@Qfiint id) return the number of items on the menu window

state triggers. A global array of data structures is added 18 the text for thedth item, respectively. A psychology-based
maintaining a delay record for each state. The array is 'nde)ﬁ?ﬁi,-diction can be obtained with such information.
by current_state.

The arrival of the next event, or the start of a state escaper,
marks the end of a user delay. Code can be inserted into the
eventloop or corresponding state escapers to estimate the real
user delay and update the state’s user delay history. In the previous sections, we discussed how to determine

In the Calculator example, the start and end of evenvhen a user delay occurs and how to predict its length. We also
handlersenterNumber(int nand std buttons(int n)mark the demonstrated how user delay prediction can be implemented
end and start of user delays, respectively. At their start, tR@sed on application source code and GUI toolkit. With the
last user delay is estimated and used to update the defdgtifyDelay(D) API, an interactive application can convey
record according tourrent_state. At the endcurrent_state the predicted user delay to the power manager. We next

is updated, the starting time of a user delay is marked, ap@w how user delays can be used to reduce system energy
NotifyDelay() is inserted. consumption through straightforward DPM/DVS policies.

VI. THEORETICAL ANALYSIS OF DPM/DVS FOR
INTERACTIVE SYSTEMS

B. GUI toolkit-based implementation A. DPM and DVS techniques

GUI applications are usually built using GUI toolkits, which DPM/DVS techniques change the system performance level
provide implementations of the eventloop mechanism, Gl save power while trying to meet soft/hard deadlines. The
objects and their corresponding event handlers. performance level of an interactive system can be changed

The proposed user delay prediction mechanism can actudily shutting down idle components, putting the processor into
be incorporated into the GUI toolkit so that any applicatiodifferent power modes, and scaling the frequency and supply
built with it will have user delay prediction capability. Involtage. Most modern processors used in mobile computing
this subsection, we demonstrate how this can be impkeystems support performance level changes through software,
mented within the Qt GUI toolkit [32] using the examplee.g., Intel StrongARM and XScale processors [33]. Different



performance levels have different power consumptions. Transi- p(D)
tions among levels cause delay and energy consumption. This
must be considered when performing DPM/DVS.

Since many GUI operations can be quite demanding, spe- a
cially on PDAs, the ideal setting would be the lowest possible
performance level during user idle time and an appropriate
higher level during system response. D(s)

) ) m-d m  m+d
B. Theoretical energy saving and latency overhead
We next present a theoretical analysis of the energy savirig: 6- Triangle distribution of user delays for a state
and latency overhead when DPM/DVS techniques are com-

bined with user delay prediction. . . . : .
For simplicity of exposition, we consider two performanc It is obvious that the energy saving ratio will increase
' ﬁnearly if P’/ P decreases. Given the two performance levels,

levels for a given user delay. Lé? denote the length of the the enerav saving ratio is onlv dependent on the user dela
user delay,P the system power consumption for the higher 9y g y dep y

performance level, an@’ that for the lower one. The energyan.d predic'Fion error. Compqring with o', we can see tha_t
consumption for t'he system during the user delay witho{Jt 9 p_red|cted user delay IS actually more en_er_gy-eﬁ‘lment
DPM/DVS will be it Ty is large compared with user delay prediction errors.
Note that bothy and p’ can be negative, which means energy

consumption may increase if performance-level transition is

1) Perfect prediction: Suppose we can predict the usefot properly done.
delay perfectly, change the system performance to the loweMhen D’ > D, the performance level transition will be
one after the system finishes responding, and change it b&é#gered by a user input, resulting in a delay betwégn- D
to the higher one right before the next user input. There is # Zrz. This is called alazy error. When Ty is larger
latency overhead. LePy ;. and P;; denote the performancethan the human-perceptible thresholH, employing user
level transition power, anﬁ]’HL andTLH denote the de|ay for delay prediction for DPM/DVS may introduce user-perceptible
higher-to-lower and lower-to-higher transitions, respectiveliatencies, leading to what is calledsarious lazy error(such
We assume thatD > (Tyr + Try). Then the energy €rrors are discussed in greater detail in Section 1X). The
consumption for the system during the user delay with suctHger-perceptible latencies also include the system busy time

E=D-P

performance-level transition is given by to respond. According to our analysis of the usage trace,
) system busy times are extremely short, usually much less than
Eo= (D —Tyr —Tru) P +Tur-Ppr + Ton-Pru 5ms, making negligible contributions toward user-perceptible

latencies. Therefore, we ignore them in the following analysis
and in our experiments. To derive the percentage of serious
, lazy errors (PSLE) out of all system responses to user inputs,
po = E—-FEo _ {1- (Trz +TLH)} S(1— 5) (3) We assume the user delap, for a state has a triangle-
E D P distribution, p(D), as shown in Fig. 6. Such a distribution
If the system changes the performance level back to ttsea reasonable approximation to that shown in Fig. 5(b). The
higher level upon a user input, we can obtain the energy savimgan,m, denotes how fast the user is in responding to this

If we assumeP = Py; = Pry, the energy saving ratio is
therefore

through a similar analysis as state, while the widthd, denotes how predictable the user is.
/ Trw P Note thgt the standard deV|at|on«!z§2/3-'d. If « < m is used
F=p-—FH 5 (4) to predict the user delay, the PSLE will be
a—H
In this scenario, the latency overheadTigy, which can be PSLE = 100% / p(D)dD
larger than the 50-100ms human-perceptible threshold. 0
2) Imperfect prediction:If the user delay models are used 0%, a<m+H-—d,
to predict D as D’ and the system is put into the low _{ 50% - [1 — (m=2tH)2] > a > m+ H —d.

performance level iD’ > (Ty+Ty) and put back into the

high performance level right before the predicted user delay!t IS cléar that PLSE increases linearly as the prediction
elapses, we have o approaches the mean. It decreases linearly as the mean

increases, demonstrating longer delays have fewer serious lazy
errors. It also decreases dsdecreases, showing better user

po — Tht e ) D'>D + Tru; delay predictability also reduces serious lazy errors.
p= po_lD_i[)D"%v DSD/<D+TLH§ (5)
po— P (1 2, (Trr + Tru)<D' < D; VII. POWER MODELS ANDDPM/DVS POLICIES
D'<(Tur + Tow). .
0 <(Tuz +Ton) Based on a predicted delay, the power manager selects an
The latency overheads for these four situationsiarg, |D’— appropriate power-saving performance level for the state. The

D|, 0, and0, respectively. system returns to the higher performance level either after a



S0us SL-5500 based on other SA-1100 or SA-1110 systems [11],
[13], [34]. It is estimated as the display power plus the
measured non-display power at 206MHz scaled down using
the same ratio of the power for IDLE59 to that for IDLE206 in
the Itsy system power measurement presented in [34]. SLEEP-
Display corresponds to the SA-1110 SLEEP mode when the
display is left on. Therefore, its system power consumption
is measured when the system is suspended, and the display
power is added thereafter. Compared to IDLES9, the SLEEP-
Display mode saves more power. However, it should be used
335.6mW 243.7mW with caution since the transition time back to the RUN mode
200us is large enough for a user to notice.
The power measurement equipment consists of a Windows

PC, a hardware data acquisition card, and a wire connector
Fig. 7. Power modes and mode transitions. box. The PC is installed witiNational Instrumeri$ data
acquisition software called.abview [35]. The voltage is

. . . . measured across a sense resistor connected in series with the
time interval based on the predicted user delay, or just uPB%ttery to obtain the system power consumption

the next user input. Which of these two scenarios is targeté
depends on how aggressive dynamic power optimization needs
to be. For example, the delay overhead for performanB DPM/DVS policies

level transitions for DVS techniques is typically less than it the user delay information as obtained using models
1ms [11], [13], [33]. Thus, one could just let user inputs trigg9&fesented in the previous sections, there are different ways
performance level tran_smons. However,.for more aggressiye 4oy DPM/DVS based on the system power model. The
power management with an attendant increase in the dejg)oing DPM/DVS policies are considered in this study.
overhead, it is often necessary to raise the perf(_)rmance _Ieveb Linux policy: The Linux kernel automatically puts the
for prompt system response before the user input armvegiem into the IDLE209 mode whenever there is no process
For example, the delay for an Intel StrongARM SA-1110 t§ning and returns it back to the RUN mode upon interrupt.
transition from the SLEEP mode to the RUN mode is abo%e take this as the baseline and report results for other
160ms [33]. In such cases, the predicted user delay can iy niqies against it. The Qtopia environment is also able to
used. In this section, we f|r§t establish a system power mo %er—manage the front-light and system based on timeout.
for the StrongARM-based Linux PDA used in our experiment,,vever, such timeout-based policies do not benefit from user
Then we discuss possible DPM/DVS policies for it. delays, which are usually no more than a couple of seconds.
2) Simple and lazy policies:The most straightforward
A. System power model DPM/DVS policy would be to put the system into the IDLE59

The Sharp Zaurus SL-5500 PDA has an Intel StrongARMF the SLEEP-Display mode right after the system finishes
SA-1110 processor [33], which can run in three modes: RUKgsponding to the user and put it back into the RUN mode
IDLE, and SLEEP. Moreover, its core clock speed can gon a user input. These policies are called #igwple
varied between 59 an806MHz in discrete steps. It is put andlazy policies, respectively. Their energy savings can be
into the IDLE mode by the Linux kernel whenever there isomputed using Equation (4). Since the IDLE59 to RUN
nothing to run. We constructed a system power model for thgode-transition time is small, there is no concern with regard
PDA based on power measurements and available industt@luser-perceptible latencies for the simple policy. However,
data. The modes of system operation and their correspondéintfansition from SLEEP-Display to RUN will most likely be
power consumptions are shown in Fig. 7. Permitted modeticed by users. The lazy policy has 100% serious lazy errors.
transitions are shown as directed arcs. The delay overhea®) Perfect policy: Assuming we can predict user delays
for mode transitions is marked on the directed arcs [33]. Wyeerfectly, we can choose to put the system into the SLEEP-
assume that the front-light is always off and the display Bisplay mode and wake it ups0ms before the next user input
always on with constant power consumption of 234.4mW. W& put the system into the IDLE59 mode. The energy saving
assume the power consumption is constant for each operatiam be computed using Equation (3). This is calledihef ect
mode. Notably, the display consumes about half of the systgalicy since it gives the upper bound on energy savings based
idle power. on the system power model.

In the system power model, RUN corresponds to the SA-4) Prediction policies:We can also use delay prediction,
1110 RUN mode when the processor is busy executing idiscussed in the previous sections, for DPM/DVS. The energy
structions. Its power is measured when the PDA computeaving for such prediction policies can be computed using
discrete cosine transforms, as detailed in [19]. IDLE206 arithuation (5). However, there are two concerns with respect
IDLES9 correspond to the SA-1110 IDLE mode with a coré prediction errors. First, in the case of overestimation, the
clock frequency/voltage of 206MHz/1.5V and 59MHz/1.25\kystem will wake up from the SLEEP-Display mode upon
respectively. IDLE59 is a hypothetical mode for the Zaurus user input and enter the RUN mode directly, resulting in

441.1mwW
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a lazy error, which may be serious. Second, in the case Tiey are Calculator, Filebrowser, Go, and Solitaire.
underestimation, the system wakes up and transfers to tHelculator is as described in Section Filebrowser is a
IDLE59 mode after the predicted delay to get ready for th@UIl application for listing files in the local storagé&o and
user input and will not be able to fully exploit the idle timeSolitaire are two popular games well known by their names.
to reduce energy by remaining in the SLEEP-Display mode.Based on an analysis of their source code, STDs were
Therefore, we report the average user delay underestimatextracted. The STD fo€alculator is the same as that shown
error. We refer to the DPM/DVS policies based on user del@y Fig. 3. The STD forFilebrowser has five states after
prediction by the history-based and psychological models sisnplification: Menu after the user chooses one item from
history and psychological, respectively. any menu,/temClicked after the user taps an item in the file
Suppose in the GUI shown in Fig. 4, it actually takes bst, Arrow after the user taps an arrow on the menu bar (to
user 1200ms to physically touch a menu item with a stylugo back or go upward one level in the directory hierarchy),
According to the system power model, the Linux kernel DPNDir after the user taps “Dir” on the menu bar (it waits for the
policy will consume aboud.53 Joule of system energy. Usinguser to select an item from the “Dir” menu), afdrt after the
the equations from Section VI-B, the simple, perfect angser taps “Sort” on the menu bar (it waits for the user to select
lazy policies will reduce it by abou24%, 38%, and 32%, an item from the “Sort” menu). However, onftemClicked
respectively. The prediction policies will reduce the energy wnd Arrow frequently appeared in the usage traces collected.
to 38%, depending on the prediction error. If the predictiomhe STDs for bothGo and Solitaire only have a single
error is below25%, the energy reduction will be betweef% state, which waits for the user's next step: placing a stone
and38%. In view of the 100% serious lazy errors incurred byr moving a card. The parameter values for user delay models
the lazy policy, the prediction policies are better. were derived for the perceptual, cognitive and motor processes.
The psychological model predictions were used as the initial
values for history-based predictionSalculator requires the
least cognitive processing. Therefore, its psychology-based

When a system is put into an energy-saving mode lik&eqictions are close to the mean and the standard deviations
SLEEP, the processor is stopped, unable to accomplish apy relatively small.

regular operating system (OS) maintenance tasks such as
kswapdand kupdatedin Linux. There are two solutions to _
this problem. The first solution is to treat any kernel evef@. Usage trace collection

as a scheduled user input. The system determines whethafye collected system-user interaction traces for real usage
and how long to stay in the SLEEP-Display mode based @ the benchmarks on the PDA. We inserigdtimeo fday()
the next scheduled kernel event and the predicted user defg¥ne beginning and end of the event handlers (ususdiss
This is possible since most Linux kernel events are schedul@dqt [32]) in the benchmark applications to record the time
with intervals on the order of seconds. The second solutiony§ mjicroseconds. This records when the system finishes its
to delay non-urgent kernel event handling until the next Usgfsponse, and when it starts processing an incoming event
input or until a certain period of time has elapsed. Anothgfyg changes state. The state name is also recorded. This
issue is that many passive interactive applications may Siilethod counts the delay of the system in generating an event
perform certain trivial activities when waiting for user input(ca”ed signal in Qt) after receiving a user input as part of
such as a blinking cursor. Activities with short periods are n@he yser delay instead of the system busy time. Based on our
compatible with the policies using the SLEEP-Display mOd&(perience, the error thus introduced is negligible.
previously addressed. However, activities with reasonably longTyo users participated in the collection of traces. One is a
periods can be handled as a scheduled user input. For examplgie graduate student majoring in Engineering while the other
if the cursor blinks once per second, there is still enough time, female graduate student majoring in Social Sciences. Both
for the SLEEP-Display mode to save energy. To focus on thes veteran computer users. Before trace collection, they were
investigation of user delay prediction, we ignored these issuggsady familiar with real calculators and file browsing appli-
in this work by using experiments based on replaying preations. The male user was also familiar with tRetience
collected usage traces through the system power model. game inSolitaire. The female user was not. Neither of them
knew how to playGo. They were taught the rules for playing
VIIl. EXPERIMENTAL SETUP the games and can be regarded as beginners. They were given
In this section, we describe the benchmark applicatiorf§Structions on how to operate the PDA and use the benchmark
usage traces and power measurement setup used in this st@aglications. They were also given time to play with the
benchmark applications on the PDA to get acquainted. Then
they were asked to complete the tasks as described in Table II.
A. Benchmarks Each user was asked to perform the tasks once per day and for
An application environment, called Qtopia [2], for Linux-a total of three days. The total times of traces for users 1 and
based handheld systems is shipped with the Sharp ZauPusrere 36.4 and 13.5 minutes, respectively. The traces were
SL-5500 PDA. The source code for its applications is freelyollected in an office environment. Disturbance was reasonably
available under the General Public License. We consider fauinimized. The users were told to perform the tasks in the
applications from Qtopia version 1.5.0 as our benchmarksame way that they would in real life.

C. System implementation issues
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TABLE 1
TASKS FOR USAGE TRACE COLLECTION

Benchmark H Task ‘

It is worth noting that the psychological policy performs bet-
ter for Calculator and Filebrowser than Go and Solitaire
compared to the history-based policy. This is due to the fact

Calculator gomplﬁ fdQ”T:U'a' ebaCh Witg that operatingCalculator and Filebrowser is cognitively
ree O-digit numbpbers an . . ..
two operations much S|rr_1pler and their cognitive processes are better modeled
Filebrowser Find a given file on the local by the H|Ck'Hyman Law.
storage
Go E:i{:%t:s new game for several B. Tradeoff between lazy errors and energy savings
Solitaire Play a new Patience game for _ For th_e psycholpgical policyZ the lazy errors are ver.y few
several minutes since this model is conservative. However, for the history-

based policy, the pessimism factor controls the tradeoff be-
tween the lazy errors and energy savings. Figs. 10 and 11
show how the energy saving changes with the percentage of
lazy errors forCalculator and Fiilebrowser as the pessimism
We replayed the collected traces through the system powggi,, yaries fromo.2 to 1.3 for the history-based policy. It
model detailed in Section VII-A. We applied the poweg,q, shows the tradeoff point for the psychological policy. To
management poI|C|e§ described in Se_ctlon VII-B in d'ﬁerergchieve the same energy saving as the psychological policy,
replays to gauge their performance. Since the traces were pies hisiory-hased policy needs to make a lot more lazy errors.
collected, we implicitly assumed that user behaw_or remalne!\qilis demonstrates the superiority of the psychological policy
unchanged after the users encountered perceptible latengias., ayoiding lazy errors is important. These figures show
Therefore, the energy savings obtained by policies that inctwat psychology-based prediction works betterariculator

user-perceptible latencies are only ideal, and are likely t0 B&, i1 01ser compared to history-based prediction since
discounted in reality due to productivity degradation. Howevet erating the former is cognitively much simpler
since the relationship between productivity degradation ang

user-perceptible latencies is different in different applications,

such an assumption makes our evaluation more general. Mdre-State-awareness

over, since we evaluate prediction methods using tradeoffsTo show the benefit of being state-aware in history-based
between such ideal energy savings and user-perceptible lajerediction, Figs. 10 and 11 also show the tradeoff curves for
cies, we believe that there is enough information for systestate-unaware history-based prediction, which uses the last
designers to make these tradeoffs based on the naturesefen observed delays of the application to predict the next

C. Trace replay

human-computer interaction in their applications. delay for the same application without knowing its states.
It is application-based instead of state-based. It is clear that
IX. EXPERIMENTAL RESULTS state-based prediction is better in general. Moreover, the STDs
In this section, we present experimental results using tRé Calculator and Filebrowser are relatively simple. We
setup described in the previous section. expect the advantage of state-awareness to be larger for more

complicated applications with a larger number of STD states.
We also note that state-awareness does not benefit user 2 for

A. Energy savings
N N L . _ Calculator, meaning the user did not behave very differently
The system energy consumption is obtained by running tig an, responding to the two STD states. While the mean user

usage traces through the system power model with differefjays for theC'alculator states in user 1's trace differ a lot,
DPM/DVS policies. In Fig. 8, we give energy savings againgose in user 2's trace do not. This illustrates the difference in

the baseline (Linux policy). These include the simple, 1azyapayior between different individuals when interacting with
perfect, and psychology/history-based prediction policies. H‘computer.

the history-based prediction policy, the pessimism factds

assumed to b&.4 and the last seven delay records are used ) o )
starting with the psychological prediction. The percentage By Power-saving mode: Power, transition time and policy

lazy error (PLE) (the percentage of all predictions that arelt is obvious from the theoretical analysis in Section VI-
overestimations) and PSLE are reported in Fig. 9 for thH2 that the energy saving will be more when the power of
psychological (solid lines) and history-based (dashed lingble power-saving mode decreases, given that all other aspects
policies. We adopt0ms as the human perceptual thresholdcemain unchanged. However, as shown by the system model
Notably, the lazy policy’s energy savings are closest to the Fig. 7, a power-saving mode with lower power usually
perfect policy’s in three of the four benchmarks. Only ifincurs a longer transition time back to the RUN mode. A
Calculator, it is less energy-efficient than the other policiefonger transition not only increases energy overhead but may
due to the fact that user delays f6lalculator tend to be also cause a user-perceptible latency if it is larger than the
much shorter and predictable (see Section VI-B). Howevdmnuman perceptual thresholdpms. First, we would like to

the lazy policy has 100% serious lazy errors. Therefore, iitvestigate how the power-saving mode’s power and transition
will be useful only when system latencies are tolerable atidhe will impact energy savings. Fig. 12 plots the curves
the user delays are relatively long. of energy saving vs. the SLEEP-Display mode power for
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Fig. 10. Tradeoff between percentage of lazy errors and energy savings for user 1.

different policies (Perfect, Lazy, and History) and two differerdecreasing the transition time below the human perceptual
transition times (160ms and 40ms), all for user 1. threshold is worthwhile only when the expected user delays
For all policies, energy savings increase linearly as t/@€ short. On the other hand, decreasing power-saving mode’s
SLEEP-Display mode power decreases for all benchmarks. [PGWer is always effective. For example, if there are two power
Calculator, the user delays are relative short, which leads &Ving modes with power/transition time being 150mW/45ms
relatively large energy saving increase when the transition tirfl8d 200mW/1ms, respectively, the first one will save much
decreases from 160ms to 40ms. For other benchmarks, sI¥/€ energy_than the second for most interactive applications
a decrease does not bring much energy benefit. This is Bathout causing serious lazy errors.
causeCalculator has relatively short user delays. Therefore, The lazy policy’s advantage in energy saving over the
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Fig. 12. Energy saving changes with mode power and transition time

history-based policy increases as the power decreases. WAerSTD extraction
the transition time is smaller than the human-perceptible
threshold of50ms, the lazy policy can be safely used without As may be apparent to the reader, how an STD is extracted
causing user-perceptible latencies. for an interactive application is important for user delay
prediction. For example, i€ alculator is modeled with only
one state, which may seem natural, the user delay prediction
will degrade as demonstrated for the history-based model
for user 1. Also, the not-so-good performance of user delay
models forGo and Solitaire can be partially attributed to

In the previous section, we showed the effectiveness wiodeling them with a single-state STD. Adding states into
combining DPM/DVS with user delay prediction. We discusthe STD has the potential to improve intra-state consistency
several related issues next. and the tradeoff between energy savings and lazy errors.

X. DISCUSSIONS
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B. User delay uncertainty D. Hardware support for interactive systems

Since an STD state presents relatively consistent infor—SInCe the display has to be always on during user-computer

mation to the user and requires relatively consistent udd eraction, changing the operation mode of other components
the system should be independent of the display. For

reaction, we expect the corresponding user delays to be m8Fe

predictable. However, there are two factors that contributeg ample, 'the system Sh.OUId. be able to put its processor to
the uncertainty in user delays, as discussed next. EEP without affecting its display. To the best of our knowl-

: : . . dge, there is no such hardware support in commercially-
First, the presented information may vary for d'ﬁerengvaname mobile computing systems. For displays that need

occurrences of th_e same state. For example, it can be dy.napé%?eshmg, the frame-buffer and the control unit transferring
in the case of file browsers and text readers. Such intra- . -
. . ) ata from it to the display must be on too. In most systems,
state inconsistency can be reduced by using more sta& S

o . . €se components can be on with others power-managed. For
The dynamic information problem can be partially solved b . . ;
o : - xample, in the StrongARM/PXA family systems-on-chip, the
obtaining information about the content, such as obtaining t

number of items in th rrent directory and the siz fthr%me—buffer sits in the main memory and the LCD controller
tutt eb N he N Th gﬁ?t € Ikt bec OdY a I etst'e cf[ k|§ one of the peripheral units. They can be active while many
ext o be shown. The oolkit-based Implementation k& er units are power-managed [33].
care of this readily.

. . ) Another solution is to use a display that maintains its content
Second, a state may require complicated user reactions;;Qkis |n the uSleep work [21], an LCD with an integrated

permit very different user reactions. For a complicated sta{e, o puffer was used. When the system was put into the
the user may respond on_Iy after reading different. su_bset §£EEP mode, the LCD displayed the image in its own frame-
the information prese_nted in a state. For examplpf@taire _buffer automatically without support from the SA-1100 LCD
player may not examine all stacks of cards bef.ore res|00nd"&%’ntroller. Moreover, bistable LCDs [36]-[38] can maintain
In other words, such a state represents multiple subtasks@ screen content even without the power supply. However,
a user. However, the uncertainty is alleviated by the fact thmtey usually take more time and energy overhead for screen

there is usually one subtask most often performed by the usgf,nges. They will be ideal for passive interactive systems that
For example, &ilebrowser user most likely will read the file 5o relatively long user delays.

list and click a file from the list; &/ ord user will type letters
most of the time. Therefore, the most frequently—performelg Oth t0 benefit f del dicti
subtask(s) can be used to build the psychological model, as er ways to benetit from user defay prediction

we did for Go and Solitaire. The history-based prediction We showed how user delay prediction can be utilized for
policy automatically benefits from this fact. DPM/DVS in the scenario in which there is only one appli-

cation under consideration. In other scenarios, an interactive
application may be used with other applications running in the
background. A user may enjoy music from the MP3 player,

while downloading another MP3 file and playirplitaire

We showed in Section VI-B that the energy saving ratiét the same time. Therefore, it would be betteSiflitaire
is directly related to the user delay prediction accuracy. TH@tifies the OS about predicted user delays and the OS globally
experimental results also demonstrated that more energy §Redules all the processes. The OS scheduler can make
be saved when delay can be predicted more accurately. Us¢ of the predicted user delays to allocate time slots and
better utilize user delays for energy reduction, improvingerformance levels to different processes in an energy-efficient
prediction accuracy will be important. fashion.

In this work, we used the psychological models and values
of their coefficients from previous work, which were not based XI. CONCLUSIONS
on PDAs. Since our evaluation is based on a PDA, this mod-Based on an analysis of its power characteristics, we found
eling discrepancy may prevent it from benefiting more froran interactive system spends most of its time and energy
our methodology. We expect psychological experiments evaiting for user responses. Therefore, the most effective way
humans using PDAs to generate more PDA-specific user detayreduce system energy consumption is to reduce the energy
models. Moreover, as we have pointed out, the cognitive delagnsumed during user delays.
models based on the Hick-Hyman Law may contribute most toWe proposed an application-based user delay prediction
prediction errors for the psychological model. Better cognitiieamework. In this framework, an STD is first obtained for
delay models are likely to increase energy savings. Moreoviite application to model the interaction between the system
users may differ from each other in their perceptual, cognitivand user. User delays are then predicted based on different
and motor delays. The same user may improve his/her us&JD states. Within this framework, two prediction models
skills due to the learning process. The environment or contexére proposed. We theoretically showed how prediction errors
may also change user behavior. Although the history-basaeb related to energy savings for DPM/DVS. The history-based
model automatically adapts, the psychological model does notodel predicts the actual delay based on recent observations.
It would be interesting to see how adaptation of user delays$ince it may overestimate the delay, it should only be used
changing human behavior would improve prediction accuraghen performance level transition time is not a large concern.
and increase energy savings. In our experiments, it resulted in an average system energy

C. Improving prediction accuracy



saving of 20.7% with a relatively small percentage of serioyss]
lazy errors. We also showed that exploiting STD states yielded
a better tradeoff between lazy errors and energy savings. 'I[ﬂg
psychological model exploits the user interface information
further and predicts the lower bound on user delays.,

how long it takes the user to read, decide, and move. O[%lp
experiments show that an average of 21.9% system energy
savings can be obtained with negligible serious lazy errof&8l
We showed that the tradeoff between lazy errors and energy
savings achieved by the psychological model is beyond the]
capacity of the history-based model.

We also showed how DVS can be simply combined with
user delay prediction. An average of 17.6% system energy]
reduction can be easily achieved without introducing any user-
perceptible delays. For applications more tolerant of system
delays and with longer user delays, an average of 28.9%)
system energy reduction can be achieved.
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