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Abstract
Any architectural optimizationaims at satisfyingthe end

user. However, modern architectures executewith little to
no knowledge about the individual user. If architectures
could determinewhethertheir users are satisÞed,they could
providehigherefÞciency;improvedreliability, reducedpower
consumption,increasedsecurity, anda betteruserexperience.
A major reason for this limitation is their input devices.
SpeciÞcally, the traditional input devices(e.g., themouseand
keyboard) provide limited informationabout the user. In this
paper, we make a case for the addition of new biometric
input devices for providing the computerinformation about
the userÕs physiological traits. We explore three biometric
devicesas potential sensors: an eye tracker, a galvanic skin
response(GSR)sensor, and force sensors. We Þrst present
two user studies that explore the link betweenthe sensor
readingsand user satisfactionwhenthe performanceof the
processoris varied as a video gameis being played.In the
Þrst study, we drastically drop the processorclock frequency
at a set point in the game. In the secondstudy, we set
the clock frequencyto randomly-selectedlevelsduring game
play. Both studiesshowthat there are signiÞcantchanges in
humanphysiological traits as performancedecreases. More
importantly, we show that physiological changes correlate
stronglyto thesatisfactionlevelsreportedby theusers.Based
upontheseobservations,weconstructa Physiological Traits-
basedPower-management(PTP) systemthat can be applied
to existing dynamicvoltage and frequencyscaling (DVFS)
schemes.We apply PTP to a typical CPU-utilization-based
adaptiveDVFSpolicy and evaluateour schemeusinga third
userstudy. An aggressiveversionof our PTPschemereduces
the total systempower consumptionof a laptop by up to
33.3%for an applicationaveragedacrossusers (18.1%aver-
agedacrossthreeapplications),while a conservativeversion
reducesthe total systempowerconsumptionby up to 25.6%
acrossusers (11.4%averaged acrossthreeapplications).

1. Intr oduction
The ultimate goal of any architecturaloptimization is to

satisfy the end user. However, the design,optimization,and
evaluationof moderncomputer architectureshave largely left
the user out of the loop. Architects typically envision the
computing stack extending from devices at the bottom to
applicationsat the top. The user, who is the true top of the
stack,is often not consideredduring architecturaldecisions.
Similarly, performanceevaluationis often simpliÞedto met-
rics such as instructionsper second(IPS). Although such
metricsmay be convenientandeasyto measure,they do not
directly correlateto usersatisfaction [34].

Several trendsare converging to increasethe importance
of exploring user-awarecomputerarchitectures:

User-centric Applications: Batchapplicationsarenot the
sole workloadsfor most architectures.An increasingnum-
ber of modernapplicationsare designedto interact with a
user. Many server-side applicationsexist to provide services
to usersover the network. Multimedia applications,video
games,andweb browersarecommonworkloadson desktop
machines.In addition, applicationsexecuting on embedded
andportabledevicesareinherentlyinteractive. It is important
for architecturesrunningsuchuser-centricapplicationsto be
optimizedwith the goal of satisfyingthe user.

Ar chitectural Trade-offs Exposed to the User: Archi-
tecturesshould not naively execute instructionsas fast as
possible.Due to thermalandpower constraints,architectural
trade-offs are now directly exposedto the user in the form
of shorterbatterylife, decreasedlifetime reliability, annoying
performance-limitingthermal emergencies,and higher oper-
atingtemperatures(causingÒburning-lapsyndromeÓ).To bal-
ancethe trade-off betweenperformanceand thermal/power-
relatedissues,it is important for architecturesto tune per-
formanceto, but not above, the level necessaryto meetuser
needsandexpectations.

Optimization Opportunity: Users differ dramatically
from each other. Recentstudieshave shown that there is
considerablevariation in user expectation and user satis-
faction relative to actual hardware performance[17], [34].
Wherethereis variation,thereis opportunityfor optimization.
Variation in userexpectationhasbeenleveragedfor improv-
ing power consumption [25] and for efÞciently scheduling
virtual machines[22]. The beneÞtsresult from optimizing to
individual usersinsteadof assumingthat all usersareequal.

We assertthat the designof modernarchitecturesmakes
it difÞcult (if not impossible)to implicitly infer and reason
about the end user. One only needsto observe the current
computerusagemodel to understandthis claim. First, the
user directs the computerexplicitly via input devices (e.g.,
keyboard or mouse).According to user direction, the com-
puter executesinstructions to manipulatemachinestate.Af-
terwards,theuserobtainsinformationvia outputdevices(e.g.,
display or speakers). Note that during this human-computer
interaction,there is a considerable asymmetrybetweenthe
information available to the user and information available
to the computer. Although the usercan direct the computer
to change/view the systemstateat any time, the computer
executeswith little any informationaboutthe userstate.

In this paper, we make a case for balancingthis human-
computerinformation asymmetryby augmentingfuture ar-
chitectureswith new input devices that provide information

978-1-4244-2837-3/08/$25.00 ©2008 IEEE 188

Authorized licensed use limited to: University of Michigan Library. Downloaded on February 8, 2009 at 14:09 from IEEE Xplore.  Restrictions apply.



on user state. Enabling a computer to senseand perceive
user state has a number of beneÞts.First, understanding
userstatewill enableuser-awareoptimizationsby providing
implicit userfeedback.Tailoring executionto the individual
userÕs ÒtasteÓwill result in better efÞciency and signiÞcant
beneÞtsin power savings or increasedlifetime reliability. In
addition,decisionsaboutresourceassignment(i.e., deciding
on the level of parallelismof an application running on a
chip multiprocessor)can be made more effectively. Most
importantly, computerbehavior will be personalizedbased
upon individual expectationsto improve usersatisfaction.

We propose,and evaluate, the use of biometric input
devices that provide information on humanstateby observ-
ing physiological traits. Using physiological readingsis an
intuitive Þrststepin understandingthe user;our experiments
suggestthat a changein user state results in a numberof
measurablephysiologicalresponses.We useaneye tracker to
measurepupil dilation andeye movement,a galvanicskin re-
sponse(GSR)sensorto measureskin resistance/conductance,
and force sensorsto measurebehavior. We begin with two
user studies to motivate the use of theseadditional input
devices.In theÞrst,we drasticallydroptheCPUfrequency at
a setpoint while a gameis being played.In the second,we
randomly vary the CPU frequency acrossmultiple settings
during game play. We show that the CPU frequency has a
signiÞcantimpacton thephysiologicaltraitsof theusers.We
alsoshow thatthechangesin thephysiologicaltraitscorrelate
with the satisfaction levels reportedby the participants.

Basedupontheseobservations,we thenconstructa Physi-
ological Trai ts-basedPower-management(PTP) systemto
demonstratean applicationof thesebiometric input devices.
PTP may augmentany existing dynamic voltage and fre-
quency scaling(DVFS)schemeto makeuser-awaredecisions.
In its current implementation,PTP adjusts the maximum
frequency by incorporating human physiological readings.
DVFS is a common power saving techniqueavailable on
modernmicroprocessorsthat scalesthe frequency (andvolt-
age)of a microprocessorto reducepower consumption.By
addingPTPto a typicalCPU-utilization-basedDVFSscheme,
we signiÞcantlydecreasepower consumptionwith little to no
impacton usersatisfaction.

It is intuitive to imagine that the computerperformance
will impact the physiological responsesof users.Therehave
beenstudiesshowing therelationshipsbetweenphysiological
sensorreadingsand reporteduser emotions in responseto
interactionwith computerprograms[26], [18]. However, to
thebestof our knowledge,this is theÞrststudyin measuring
the impactof computerperformanceon humanphysiological
traits. SpeciÞcally, we make the following contributions:

¥ We make a casefor usingbiometricinput devices(such
aseye trackers,galvanicskin responsesensors,andforce
sensors)in makingarchitecture-level decisions;

¥ We show through two user studies that our selected
biometric input devices are able to detect changesin
humanphysiologicaltraits asthe performanceis altered
during the run of an application;and

¥ We demonstratea user-aware system for augmenting
DVFS andevaluatethe systemwith anotheruserstudy.

The rest of the paper is organized as follows. Section2
discussesthe biometricsensors.Section3 presentsthe setup
of the user studies.Section 4 describesthe Þrst two user
studiescorrelatingsensorreadingsto usersatisfaction. Sec-
tion 5 discussesour prototypeDVFS systemfor leveraging
biometric input devices.Section6 discussesimplementation
of the systemand Section7 presentsour results.Section8
describesrelatedwork andwe concludewith Section9.

2. Biometric Input Devices
To supportuser-aware computerarchitectures,computers

will requirea meansto understandusersatisfaction.Although
it is possibleto explicitly ask the user for information, this
may be annoying. The ability to implicitly determinethe
degree of user satisfaction would be ideal. Unfortunately,
currentarchitecturesare not equippedto implicitly estimate
usersatisfaction. This is due to a fundamentallimitation of
current input devices.Traditional input devices mainly exist
to allow the user to explicitly control the machine state.
However, they provide little informationaboutphysiological
state.Without any informationaboutuserstate,it is obvious
thata computercannotreasonaboutusersatisfaction.To help
bridgethis gap,we make a casefor theadditionof biometric
sensorsin future architectures.In this work, we explore
threebiometricsensors:eye trackers,galvanic skin response
sensors,andforcesensors.Thesesensorsaredescribedin the
following sections.

2.1. Eye Tracking
Eye behavior reveals a lot of information about usersÕ

state. We are particularly interestedin pupil dilation and
pupil movement.Pupil dilation,or changesin thepupil radius
over time, has been shown to correlate to many external
and internal human factors.Studiesshow pupil dilation to
be relatedto mentalworkload[19], perceptualchanges[10],
andpositive/negative affect or emotionprocessing[30]. Pupil
movement provides another source of information. Even
when viewing a still image, humans do not keep their
eyessteady. Instead,the eye constantlylooks aroundÞnding
interesting parts of each sceneto create a larger mental
map of the whole scene.Changesin the behavior of eye
movement may also indicate higher level changesin the
scenery, or humaninterests/state.For example,saccades(fast
simultaneousmovementof both pupils) have beenlinked to
boundariesof event perception[35].

We use the ASL MobileEye eye tracker, shown in Fig-
ure 1(a), for collecting eye-related information. The eye
tracker usesvideo-basedcombinedpupil/corneal reßection
to track the focus of the userÕs right eye. A video feed is
analyzedto extract the pupil location and pupil radius.The
data gatheredis in pixels relative to the video feed, and is
sampled30 times per second.Pupil dilation is measuredby
using the pupil radius samplesfrom the eye tracker. Pupil
movementis measuredusing the Euclideandistancebetween
consecutive samplesof the pupil X-Y coordinates.

2.2. Galvanic Skin Response
Galvanicskin response(GSR)[7] measurestheskinÕs abil-

ity to conductelectricity. GSRis strongly, but not completely,
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(a) Eye tracker. (b) Custom-madeGSRsensor. (c) Force sensors.

Figure 1. The biometric sensors used in our experiments: (a) an eye tracker, (b) a custom-made galvanic skin response
sensor, and (c) force sensors attached to the arrow keys on the keyboard.

(a) Resting. (b) Playing the Needfor Speedvideo game.

Figure 2. GSR traces of a user that capture (a) the long-term change in the GSR while a user is resting and (b) the
short-term effects when playing the Need for Speed game. The existence of the long-term effect motivates the use of
the delta GSR metric for measuring user arousal.

correlatedto the conductanceof sweat in sweat glands in
skin [41]. GSR acts as an indicator of the autonomicner-
vous systemreßectingboth sympathetic(e.g., Þght-or-ßight
response)aswell asparasympathetic(e.g.,restor relaxation)
response.In general,a low conductanceis a signof relaxation
andhigh conductanceis a sign of mental,emotional,and/or
physical arousal.However, different emotionsmay produce
discriminablewaveforms[5], [39].

We use a custom-madegalvanic skin response(GSR)
sensorwhich is shown in Figure 1(b). The GSR sensor
consistsof two probes attachedto velcro strips that are
wrappedaroundthe userÕs Þngersduring experiments.The
two probesarewired in avoltagedividercircuit for measuring
the voltage(andtherefore the resistanceand/orconductance)
acrossthe skin.

GSR readingsshow long-termand short-termeffects.For
example, two sample GSR traces for one of the authors
are shown in Figure 2; Figure 2(a) shows the GSR when
resting and Figure 2(b) shows the GSR when playing the
Needfor Speedcomputergame.At rest, the GSR doesnot
stayconstant.Rather, it slowly decreasesover a periodof 5Ð
10 minutesand thenslowly levels out. Whenexcited during
gameplay, the GSR exhibits a much more varied response.
To measureshort-termchangesin userarousal,andÞlter out
the long-termtrends,we employ a metric that we call delta
GSR, which resemblesthemetricÒhashGSRÓ[5]. DeltaGSR
is computedby taking the differencebetweenconsecutive
samplesandÞlteringout the negative values.Whensummed
over a period of time, the delta GSR serves as a metric for
thetotal userarousalfor thetime period.We sampleat 30Hz
andusea periodof onesecond.

2.3. Force Sensors
We also use force sensors(shown in Figure 1(c)) to

collect behavioral information about the user. Studies in
keystroke dynamicshave shown that keystroke patternsfor a
given userare correlatedwith variousemotionalstates[40].
However, the force of eachkey pressmight hold additional
informationnot capturedby timing alone.For example,users
may pressthe keys harderto expressannoyance,or during
times of intenseinvolvementin game play. Also, for some
applications,the rangeof keys involved is quite limited, and
force may provide moreinformationthankeystroke patterns.
In thiswork, westudythecorrelationbetweenkeystroke force
andusersatisfaction.

We useforce-sensitive resistorsto instrumenteachof the
four arrow keys, asshown in Figure1(c). The force sensors
are measuredusing a voltagedivider circuit. The maximum
pressurevalueamongall measuredkeysyieldsasinglemetric
for comparison,which we will refer to as MaxArrow. The
samplingrate is 30Hz.

2.4. SensorMetrics
We measure four readings from the biometric input

devices: pupil dilation, pupil movement, delta GSR, and
arrow-key force. As we gather these readings,we sum-
marize them using various statistics. For each reading,
we considerthe maximum, arithmetic mean,and the vari-
ance of the readings every second. We deÞne the term
sensor metric to be a speciÞc combination of a statis-
tic and a biometric reading. We format sensor metrics
as follows: <statistic>_<sensor> . For example, the
arithmetic mean of the pupil movement is denoted by
Mean_PupilMovement .
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2.5. SensorExtensibility and Cost
The intrusivenessof sensorsis a major considerationfor

usingthemasbiometricinputdevices.Ideally, biometricinput
devices will (1) not impedethe useof the computerin any
way, (2) require little effort by the user, and (3) not incur
signiÞcantÞnancialcost.Weselectoursensorsbasedon these
principles. ConsumerÒremoteeye trackingÓproducts are
available which detecteye focus and pupil radiuswithout a
head-mountedsystem.Furtherresearchinto this areais likely
to lower thecostof thesesystems[6]. Modernlaptopscontain
built-in camerasand image recognition software exists for
detectingpupils [28]. The electricalcomponentsrequiredto
measureGSRareinexpensive.While thevelcro-stripcontacts
maybeconsideredtoo cumbersome,thesecontactshave also
successfullybeenintegratedinto a computermousein a way
that requiresno explicit action by the user [42]. Integrating
forcesensorsinto acomputerkeyboardwoulddo little change
to the existing structureand piezoresistive force sensorsare
inexpensive; theforcesensorsusedfor this work arecurrently
available for under$15 per sensor[38].

3. User Study Setup
Our experimentsare done using an IBM Thinkpad T61

with a 2.2GHz Intel Core2 Duo T7500processorand2 GB
DDR2 SDRAM runningMicrosoft Windows XP. The laptop
is tetheredto power for experiments.The processorsup-
portsseven frequency levels usingIntel EnhancedSpeedStep
Technology(2.2GHz,1.6GHz,1.2GHz,800MHz, 600MHz,
400MHz, and200MHz). In our experiments,we usethe top
Þve frequenciesrangingfrom 2.2GHz to 600MHz.

Data from the GSR and force sensorsis collectedusing
a National Instruments603Edataacquisitioncardconnected
to the PCI bus of a separateworkstation.The workstation
then sendsthe sensorinformation througha TCP socket to
the laptopover a privateLAN connection.

In our userstudies,we usethe following applications:
¥ Need for Speed Pro Street [3]: A 3D driving game

against the computer. The gameis very CPU-intensive.
¥ Tetris Ar ena [2]: A 3-D versionof the classicpuzzle

game. The game consumes100% of the CPU. How-
ever it exhibits little performancedegradation as the
frequency is decreased.

¥ Micr osoft Word 2000 Version 9.0 [1]: The user is
given a documentto reproducein Microsoft Word. In
general,Microsoft Word is not CPUintensive. However,
we includesomehigh-qualityimagesinto thedocument.
Moving the imagesoccasionallycausesshort burstsof
high CPU utilization.

We developeda userpool by advertisingour studieswithin
NorthwesternUniversity. The participantscomefrom a vari-
ety of backgroundsandincludemalesandfemales,engineers
andnon-engineers,aswell as inexperiencedcomputerusers.

4. Corr elating Human PhysiologicalTraits with
User Satisfaction

The ultimate goal of this paper is show how human
physiological traits can be usedas an implicit measurefor
inferring user satisfaction. In this section,we presenttwo

userstudiesexploring the link betweenhumanphysiological
readingsandusersatisfaction.

4.1. Moti vating the Use of Physiological Sensors
The Þrst user study explores whether there are changes

in humanphysiological traits when the performanceof the
processoris changed.Oneof our majorconcernswasthat the
measurementnoiseduringgameplay maymaskany changes
in physiological traits. It is not difÞcult to imaginepossible
sourcesof noise.For example,in a driving game,a difÞcult
sectionof tight turns may producedifferent measurements
than anothersectionwith a long straightaway. Due to this
concern,we Þrstconducta controlledinitial userstudywith
14 users.During thestudy, we asktheusersto play theNeed
for Speedgametwice.Eachtime,at a predeterminedposition
on theracetrack,we eithermaintainthehighestfrequency, or
drop the frequency to 600MHz for 20 seconds.At 600MHz,
the game greatly slows down. During the 20 seconds,we
measurestatisticsfrom eachof the physiologicalsensors.

Figure 3 shows the datafrom threeof the sensormetrics
that display signiÞcant changesin the initial user study.
Mean eye movement (shown in Figure 3(a)) decreasesfor
the large majority of the users.The maximumforce on the
arrow keys (shown in Figure3(b)) alsoregistersa noticeable
decreasefor most users.The maximum delta GSR (shown
in Figure 3(c)) shows a relative changefor many of the
users.However, it increasesfor some usersand decreases
for others. The difference in users may be attributed to
varying emotional reactionsto a slow system:some users
becomeannoyed and more aroused,while others become
boredandlessinvolved.Nevertheless,theresultsindicatethat
both arousal-basedsensors(e.g., DeltaGSR)and behavioral
sensors(e.g., MaxArrow) do indeedchangesigniÞcantlyas
applicationperformanceis decreased.

4.2. Physiological Sensorsand User Satisfaction

With the knowledge that the sensormetrics do indeed
changewith performance,we conduct a secondstudy to
explore (1) the effect of randomgame phasesand (2) the
correlationbetweenphysiologicalreadingsatdifferentperfor-
mancelevels and usersatisfaction.The usersplay the Need
for Speedgame.This time, the processorspeedis changed
to a randomfrequency at a randompoint in the game.The
changein performancelasts for 30 seconds.We randomly
visit each frequency level twice; the Þrst time we collect
sensormetric readings,andthe secondtime we verbally ask
theuserfor asatisfactionrating.Usersreporttheir satisfaction
as follows: 5 (Very SatisÞed),4 (SatisÞed),3 (Indifferent),
2 (UnsatisÞed),and1 (Very UnsatisÞed).

A good sensormetric will report as different when the
usersatisfactionchangesandassimilarwhenusersatisfaction
remainsthe same.To distinguishbetweensensormetricsat
different frequencies,we employ a t-test-basedsimiliarity
metric. As the physiologicalsensorsarenoisy by nature,we
usemultiple samplesand statisticalmethods.Both the data
acquisitioncard (collectingGSRand force information)and
theeye trackersampleat30Hz. Eachsecond,wecomputethe
sensormetricsbasedon 30 samples.After discardingtheÞrst
andlastÞve secondsof each30 secondsinterval, we have 20
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Figure 3. (a) Mean pupil movement, (b) maximum arrow force, and (c) maximum delta GSR for the same 20 seconds
of game play at a good performance level, and at a bad performance level. Mean pupil movement and maximum arrow
force signiÞcantly decrease. Maximum delta GSR has more variation across users indicating different responses to a
drop in performance.

Sensor Success False False
Data Rate Positive Negative

Max PupilRadius 70.2% 14.3% 15.5%
Max MaxArrow 69.0% 13.1% 17.9%

Mean MaxArrow 69.0% 13.1% 17.9%
Mean PupilRadius 67.9% 11.9% 20.2%

Mean PupilMovement 57.1% 13.1% 29.8%
Max DeltaGSR 58.3% 9.5% 32.1%

Table 1. Outcomes of comparing the t-test-based
similarity metric and user satisfaction. Success means
that the t-test outcome matches the user rating. False

negatives occur when the t-test falsely predicts a
difference and false positives occur when the t-test
falsely predicts similarity with the highest frequency.

calculatedvaluespersensormetric.We thenusea t-test,with
a 90% conÞdenceinterval, as our metric for measuringthe
similarity betweensetsof valuesfrom different frequencies.

We now evaluatethebehavior of our sensormetricsacross
multiple frequencies.For every sensormetric, we usethe t-
test-basedsimilarity metric to compareeachfrequency with
the highest frequency. The assumptionis that if the user
is annoyed, the t-test should indicate that the two setsare
different;if theuseris not annoyed, the t-testshouldindicate
that the two setsaresimilar. We thenmanuallycomparethe
t-test resultswith the reportedusersatisfaction. The sensor
metrica successif (1) the t-testindicatesa differenceandthe
usersatisfactionchanges,or (2) the t-test indicatessimilarity
and the user satisfaction does not change.False positives
occur when the t-test indicates a difference,but the user
satisfaction is the same.False negatives occur when the t-
test indicatessimilarity, but the usersatisfaction is different.

Out of our twelve potential sensormetrics (maximum,
mean,and variancefor pupil radius,pupil movement,delta
GSR,and force feedback),we develop a set of the six best
individual sensormetrics (shown with their respective counts

in Table 1). The successratesof the six sensormetricsare
all above 60% with the top threepredictingsimilar/different
usersatisfactionwith nearly70%accuracy. Thefalsepositive
rate rangesfrom 11.9%Ð14.3%and the false negative rate
rangesfrom about 15.5%Ð32.1%.1 Theseresultsshow that
thereis a strongcorrelationbetweenchangesin satisfaction
andchangesin the physiological readings.

To conÞrm our Þndingsfor the entire set of users,we
averagethesensormetricsacrossall usersandlook for trends.
Figure4 shows theaverageddatafor usersatisfactionandthe
top threesensormetrics.Thereis a clearcorrelationbetween
oursensormetricsandusersatisfaction.For reference,therest
of the raw data is shown in Figure 10 in Appendix A. The
sensormetricsexhibit somenoiseacrossusersbut, overall,
theseresultsshow thata changein usersatisfactiongenerally
resultsin a changein sensorreadings.This behavior, together
with thehigh predictionaccuracy, shows thatusersatisfaction
andphysiological traits arecorrelated.

We now considertheconÞdencelevel reportedby thet-test
for eachcomparison.A high conÞdencelevel indicatesthat
thetwo setsof databeingtestedaredifferent.Figure5 shows
the averageconÞdencelevels acrossall usersfor eachcom-
parison.As performancedecreases,conÞdencethat the user
satisfaction is different tendsto increase.This signiÞesthat
the physiological readings differ more at lower performance
levels. However, the lowest frequency level doesnot follow
the sametrend.We postulatethat at this frequency level, the
performanceis so low that someusersstopcaringaboutthe
game.During the userstudies,we recall userscomplaining
about the performanceand talking to the proctor insteadof

1. Thefalsepositive rateimpliesa lost opportunityfor reducingfrequency,
but no reductionin usersatisfaction.Assumingthat thesensorsareindepen-
dent, combinationsof them may be usedto reducethe falsenegative rate.
Furthermore,any DVFS algorithm basedon thesesensorscould treat the
sensorreadingsconservatively, reducingthe effect of falsenegatives.In the
systemwedescribein Section5, weusecombinationsof sensorsandevaluate
both aggressive andconservative usesof their readings.
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Figure 4. Averages of the three best individual sensor metrics and the user satisfaction ratings across all 20 users. The
three sensor metrics have a very strong correlation with the reported user rating.
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Figure 5. The average conÞdence provided by the t-
test-based similarity metric between a frequency and
the highest frequency across all 20 users and all sen-
sor metrics. A high conÞdence indicates a difference.
As frequency difference increases, the sensor metrics
differentiate better, except for the lowest frequency.

playing the game.It is possiblethat the sensorreadingsmay
changein suchsituations.Nevertheless,evenfor this case,the
sensorreadingsshow signiÞcantlydifferent behavior when
comparedto the highestfrequency.

An importantdecisionwe have to make is how to decide
whentwo readingsaredifferent.Accordingto our subjective
observations,the Needfor Speedgameexhibits very similar
performanceat 2.2GHz and 1.6GHz, but the performance
quickly decreasesat lower frequencies.A conÞdencelevel of
85% makes this distinction correctly when averagingacross
all users,andcontinuesto distinguishcorrectlyfor a different
set of users in the third study. Thus, we adopt an 85%
conÞdencelevel in the t-testsfor the restof the paper.

In summary, thesetwo initial userstudiesindicatethat (1)
a drasticdrop in performanceresultsin noticeablechanges
in our sensormetricsand (2) physiological readingscan be
usedto infer usersatisfaction.

5. Using Physiological Traits for DVFS
To demonstratea use of empathic inputs, we construct

a Physiological Traits-based Power-management (PTP)
system for inferring user satisfaction from physiological
readingsanddriving a DVFS algorithm.

The goal of PTP is to determinethe minimum operating
frequency that maintainsusersatisfaction. SpeciÞcally, PTP
Þrst runs a training phasewith the target application (the
algorithm for the training phaseis detailedin Algorithm 1).
PTP begins by comparingsensorreadingsat the second-
highestfrequency and the readingsat the highestfrequency.

Algorithm 1 PTPtraining algorithm
Frequency: f ! MAX_FREQ" 1
while f is in frequency rangedo

if TestSame(MAX_FREQ, f ) then
f ! f " 1

else if Majority vote of 3 calls to Test-
Same(MAX_FREQ,f ) is true then

f ! f + 1
else

while f is in frequency rangeandMajority vote of 3
calls to TestSame(MAX_FREQ,f ) is falsedo

f ! f + 1;
return f

Algorithm 2 TestSame:usedby the PTPtraining algorithm
Two frequenciesto test: f 1, f 2
Collect sensormetricsat f 1 for 20 seconds
Collect sensormetricsat f 2 for 20 seconds
t-testeachsensormetricat f 1 andf 2 with conÞdencelevel
of 85%
if more than50% of sensordiffer then

return false
else

return true

Each comparison(detailed in Algorithm 2) consistsof (1)
running for 20 secondsat the highestfrequency, (2) running
for 20 secondsat the testing frequency, and (3) a t-test
betweeneachof the sensormetrics. Initially, the algorithm
aims at quickly reducing the frequency, if possible. The
algorithmconsecutively teststhe frequenciesfor noisein the
sensors.If two out of threetestsreportthat thesensormetrics
have changed,the majority vote test concludesthat the two
frequenciesare the different; if not, it reportsthey result in
the sameusersatisfaction.PTPrepeatsthe majority vote for
eachfrequency until it Þndsa frequency that doesnot pass.
Then, it starts moving up from this point until it Þndsthe
level thatpassesthemajority test.This frequency is calledthe
settledfrequency. Settled frequency is usedasthe maximum
frequency during the executionof this application(in other
words, the operatingfrequency is never increasedto above
the settledfrequency).

It is importantto notethat from the userÕs perspective, the
training and testingphasesare not visible. The usersimply
interactswith the computerasnormal.

An exampleof the interactionbetweenthe sensormetrics
and PTP training is shown in Figure 6. The Þgureshows a
traceof thealgorithmasit settleson a frequency (in this case,
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Algorithm 3 Linux ondemandgovernoralgorithm
for every CPU in the systemdo

if UP_DELAYmillisecondssincelast checkthen
if utilization > UP_THRESHOLDthen

increasefrequency to maximum
if DOWN_DELAYmillisecondssincelast checkthen

if utilization < DOWN_THRESHOLDthen
decreaseto lowestfrequency that keepsthe utiliza-
tion at 80%

1.6GHz).Thex-axisis time.Eachsteprepresentsa40second
period:20 secondsat the highestfrequency, and20 seconds
at the test frequency. The bold line with diamondsshows
the test frequency, correspondingto the right vertical axis.
The conÞdencelevels of the t-testsfor eachsensormetric is
shown in eachtime step,with theconÞdenceindicatedby the
left vertical axis. A conÞdenceabove 85% indicatesthat the
sensormetric differs betweenthe two frequencies.We begin
at 1.6GHz. At this point, only 2 of the6 sensorsaredifferent
so we continue down to 1.2GHz. At 1.2GHz, there is a
largechangein Mean PupilRadius.In fact,Max MaxArrow,
Mean PupilRadius,Mean MaxArrow, andMax PupilRadius
all exhibit high conÞdencefor two testsand thereforereject
the majority vote test for 1.2GHz. The frequency increases
to 1.6GHz, andthesensormetricsreturnto valuesindicating
that the sensorsarethe same,thereforepredictingthe useris
satisÞed.The algorithmsettlesat this frequency.

The PTP control algorithm is orthogonal to most other
DVFS strategies.Although PTPprovidesa long-termpredic-
tion of usersatisfaction,anotherDVFS strategy canbe used
for short-termdecisions.We build PTPon top of anAdaptive
DVFS strategy that is basedupontheLinux ondemandDVFS
governor [29]. This strategy is described in Algorithm 3.
In short, if utilization increasesabove UP_THRESHOLD,
the frequency increasesto the maximum frequency. If the
utilization is below the DOWN_THRESHOLD, the algorithm
Þndsthe frequency that maintainsabove 80% utilization. We
use200msfor bothUP_DELAYandDOWN_DELAY, 80%for
UP_THRESHOLDand30% for the DOWN_THRESHOLD.

PTP usesthe minimum value of the frequency provided
by the PTP control policy and the Adaptivecontrol policy.
Althoughtheideaof combiningtheDVFSschemesmayseem
simple, there are beneÞtsto such a solution. For example,
a burst of keyboard or mouseevents often causeadaptive
DVFS control schemes(e.g.,Windows XP DVFS [27] or the
Linux ondemandcontrol policy [29]) to unnecessarilyraise
the frequency to the maximum level. PTP prevents this by
limiting frequency at the minimum level necessaryto satisfy
the user. In other words, PTP allows an adaptive DVFS
schemeto make better short-termdecisionswhen the CPU
utilization is generallylow. For applicationsthat satisfy the
userat high utilization, PTPmaysetthefrequency to a lower
level (if it predictsthat the user is satisÞedwith that level),
saving a signiÞcantamountof power.

Ideally, we would like to explore the combinationsof
sensormetrics for usersand applicationsas well as search
the parameterspacefor the PTP thresholds, but this would
requirereal usersin the loop andthereforebe slow. A single
user study with three applicationstakes about an hour of
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Figure 6. Trace of sensor metrics and the frequency dur-
ing the training phase of the PTP algorithm. When sensor
readings are compared for 1.2 GHz and 2.2 GHz, the
majority of the sensors result in a high t-test, indicating
that the userÕs state changes. As the algorithm adjusts to
test 1.6 GHz, the physiological traits show less change.
PTP chooses 1.6 GHz for the rest of the experiment
experimentallab time, not including the time to schedulethe
experiment.Therefore,trying multiple combinationsquickly
becomesvery time consuming.We settledon the six most
accurateindividual sensormetricslisted in Table1 andclose
the loop for evaluationwith userstudies.

Picking one set of sensormetrics openssomequestions.
Will the sensormetricsgeneralizeacrossapplications?Even
for a single application, how does the sensitivity depend
on users?By using the sameset of sensormetrics across
all usersand applications,it is very possiblethat we will
occasionallyannoy some users.To increasethe sensitivity
to our experiments,we develop two variationsof PTP: an
aggressive PTP (aPTP) and a conservative PTP (cPTP).
aPTPoperatesexactly asthePTPalgorithmdescribedin this
section.cPTP is similar to aPTP but selectsthe frequency
level onestephigher thanaPTP.

6. Implementation and Deployment
The PTP systemis implementedas a user-spaceprogram

that executesbeforeeachapplicationrun in the userstudies.
Data from the biometric devices are collected on a sepa-
rate workstationand sent to the experimentallaptop via a
TCP socket connection.In productionsystems,we envision
biometric input devices being managedby the operating
systemlike traditional input devices.We have designedPTP
as a proof of concept for using biometric input devices
to improve architecture-level decisions.Other approachesto
using biometric data different from ours could potentially
lead to even strongerresults.Here, we are concernedwith
providing the Þrst evidence of the clear beneÞtsof using
biometricdatain architecture-level decisionmaking.

In a real-world implementation,the power consumption
of the biometric devices would need to be outweighedby
the power savings due to the PTP. The sensorschosenfor
this work all conform to this requirement.Piezoresistive
force sensorsmay be measuredwith very little additional
energy using a voltage-divider circuit and an analog-to-
digital converter, whicharebothcommon,low-powercircuits.
GSR is also a simple resistive measurement,and requires
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Figure 7. Frequency that aPTP and cPTP settle on for the Need for Speed, Tetris, and Word applications.

only a voltage divider and an analog-to-digitalconverter.
An eye tracker requiresan infrared camera,infrared LEDs,
and the capacityfor imageprocessing.Collectively, the eye
tracker sensorcouldoperateon well below a Watt [44], [21].
Although some of thesesensorsmay be expensive today,
the technologyfor producing sensorscapableof operating
within desirablepower constraintsand at a low cost has
alreadybeendeveloped.Additionally, theprocessingneedsto
interpretthesensorscouldalsobeassignedto a coreof a chip
multiprocessor, reducingthe additionalhardware required.

7. Experimental Results
In this section,we evaluatethe aPTP and cPTP systems.

We compareboth PTP variants with the Adaptive scheme
describedin Section5. We use the Need for Speed(NFS),
Tetris, and Word applicationsand 20 users.In eachrun of
an application,we begin with the training phasedescribed
in Section 5. The training phase varies based upon the
numberof majority vote testsperformedby thePTPstrategy.
Afterwards, the user continuesto use the Adaptivescheme
and the aPTP schemefor 2.5 minutes each.The order of
the aPTP and the Adaptiveschemeis randomizedbetween
experiments.The last 10 userssubsequentlyuse the cPTP
schemefor 2.5 minutes.At the end of each run, the user
is asked to verbally report satisfaction basedupon the scale
describedin Section4.

During experiments,we capturetracesof the frequency. A
National Instruments6034E data acquisitioncard measures
the potentialdrop acrossa low-impedanceresistorin series
with the laptop power cable.This allows us to measurethe
systempower consumptionasfrequency tracesarereplayed.
The total systempower includes the power consumedby
the fully-operatinglaptop including the processor, a fully-lit
15.1Ólaptopdisplay, network interface,andotherperipherals.

The take-away points from our evaluationare:
¥ Usersatisfactionfor aPTPandcPTParenearlyidentical

to the underlyingadaptive scheme,and
¥ aPTP and cPTP save 18.4% and 11.4% total system

power, respectively.

7.1. User Satisfaction and Power Savings
In Figure7, wepresentthefrequenciesthataPTPandcPTP

settleon for NFS,Tetris,andWord.Thex-axiscorrespondsto
the usersandthe y-axis is the settledfrequency. Eachcluster
shows the settled frequency for both PTP variants and all
applications.

NFS is a CPU-intensive applicationfor which observable
performanceis sensitive to CPU frequency. aPTP picked
either 1.6GHz or 2.2GHz for 18 out of the 20 users.This
is drastically different from Tetris, where the observable
performanceis lesssensitive to CPU frequency. The average
frequency chosenby aPTPfor Tetris is 1.08GHz. Similarly,
for Word, the average frequency chosenis 1.2GHz. This
clearlydemonstratesaPTPÕs ability to intelligently detectthe
caseswhere CPU frequency can be lowered.Since for the
TetrisandWord application,thelower frequenciesandhigher
frequenciesresult in similar physiological responses,aPTP
lowersthefrequency. As indicatedby usersatisfactionlevels,
this achieves signiÞcantlyhigher efÞciency without causing
any dissatisfaction.Note that a user-speciÞccustomizationis
achievedpurelybasedon thephysiologicalreadingsfrom the
users,without explicit input or knowledgeof programphase.

There are some casesin Tetris and Word (14 out of
40 casesaltogether),where a higher frequency of 1.6GHz
or 2.2GHz is picked by aPTP. We checked the logs of
physiological readingsand found that the eye tracking data
was missing in 4 of these14 cases.This occurswhen the
user shifts in a mannersuch that pupil is not capturedby
the eye tracker camera.This introducessigniÞcantnoise to
thedecisionmakingsystemandresultsin a higherfrequency
beingchosen.Another3 casescorrespondto self-admittedly
inexperiencedusers.Theseusersshow erraticbehavior. Thus,
the sensorreadingsare noisy and our systemconservatively
setsthefrequency at a high level. We mustnotethat,although
this looks like a lost opportunity for power saving, it is an
interestingfeatureof the overall scheme:if for one reason
or another, the sensorreadingsbecomenoisy, our system
conservatively sets the maximum allowed frequency to a
high one, therebyavoiding falsenegatives (i.e., caseswhere
the user is dissatisÞedand our systempredictsthem to be
otherwise).For Word, we are limited to utilizing only 4
metrics,comparedto the 6 usedin NFS and Tetris, because
Max MaxArrow and Mean MaxArrow cannotbe used(the
user does not press the arrow keys often). Nevertheless,
with Word, aPTP succeedsin picking low CPU frequencies
(1.2GHz and below) for 13 out of the 18 userswith valid
sensor readings.Similarly, for Tetris, aPTP picks a low
frequency for 13 out of 15 userswith valid sensorreadings.

Thereportedusersatisfactionratingsandpowersavingsfor
eachof the applicationscomparingaPTP and the Adaptive
schemearepresentedin Figure8. TheÞgureshows clustered
barsfor eachuser. The left two barsin eachclusterrepresent
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Figure 8. User satisfaction and power consumption for the Need for Speed, Tetris, and Word applications. The left two
bars per cluster show the user satisfaction for aPTP and the Adaptive DVFS schemes. The right bar in each cluster
shows the total system power savings.

theusersatisfactionwith aPTPandwith theAdaptivescheme
andcorrespondto the leftmostvertical axis.The right bar in
eachclusterrepresentsthe total power savingscorresponding
to the vertical axis on the right. For our two CPU-intensive
applications,PTPsavesa considerableamountof total power.
Onaverage,for NFS(presentedin Figure8(a)),aPTPreduces
power consumptionby 19.2%, and for Tetris (presentedin
Figure 8(b)), aPTP reducestotal power consumptionby
33.3%.Word (presentedin Figure8(c)) is only CPU-intensive
in shortburstsandaPTPonly saves1.7%systempower. For
both Tetris andWord, aPTPalsodoesnot impactusersatis-
faction. However for NFS, aPTP tradesoff a small amount
of user satisfaction for power savings. For this application,
aPTP is too aggressive for some users. Averagedacross
three applications,aPTP saves 18.4% systempower when
comparedto the Adaptivescheme.

To explore a more conservative PTP scheme,we evaluate
cPTP with 10 users.Figure 9 presentsthe results of this
study. The graph is in the same format as Figure 8. By
using cPTP, we trade off improved user satisfaction with
power savings.cPTPtendsto maintainthe highestfrequency
for NFS and saves 5.9% systempower, while maintaining
the samesatisfaction level as the Adaptive scheme.cPTP
tradesoff the decreasedpower savings with an improved
average user satisfaction rating comparedto aPTP. cPTP

also maintainsa high user satisfaction for Tetris, and the
power savings drop from 33.3%to 25.6%.Averagedacross
three applications,cPTP saves 11.4% systempower while
maintainingthe usersatisfaction.

Overall, our resultsare very encouraging:they show that
PTP can successfullysensephysiological traits, predict user
satisfaction,anddriveaDVFSschemethatsavesconsiderable
power while maintainingusersatisfaction.

8. Related Work
At the architecturelevel, there has beenwork that takes

user perceptioninto account.Endo et al. [12], [11] uses
latency as a performancemetric and for detectingperfor-
manceanomaliesin operatingsystems.Vertigo [15] moni-
tors applicationmessagesto measureuser-perceived latency.
Vertigo proposesa layeredfrequency scalingschemesimilar
to PTP. Other DVFS algorithmsuse task information, such
as measuringresponsetimes in interactive applicationsor
rate of changein the display [23], [24] as a proxy for the
user. Thesestudiesrely on high-level metricsas proxiesfor
user satisfaction. To the best of our knowledge, this is the
Þrst work that correlateshumanphysiological data to user
satisfaction for makingarchitecture-level decisions.

Dynamic voltage and frequency scaling (DVFS) is an
effective technique for microprocessorenergy and power
control for mostmodernprocessors[8], [9], [13], [14], [16],
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(b) Tetris.

Figure 9. User satisfaction and power consumption of cPTP for the Need for Speed and Tetris applications. Word is
not included because power savings and user satisfaction levels are nearly identical to aPTP. The left two bars per
cluster show the user satisfaction of cPTP and the Adaptive DVFS schemes. The right bar in each cluster shows the
total system power savings. Using cPTP, we trade-off a decreased power savings with improving user satisfaction when
compared to aPTP.

[43]. Energy efÞciency hasbeena major concernfor mobile
computers.Mallik et al. [25] and Shye et al. [34] show that
it is possible to utilize user feedbackto control a power
managementscheme.However, bothschemesrequireexplicit
user feedbackthat may be an inconvenienceto the user.
Our work providesan implicit mechanism for inferring user
satisfaction that is orthogonalto theseapproaches.

The Affective Computing Group at MIT has worked to
develop emotion-awarecomputers[31]. They have proposed
devices such as HandWave GSR [36] with a squeezable
mouse [32]. Their most related work is concernedwith
creating[33] or detecting[20] userfrustrationwith learning
software.Thereis alsowork on relatingpostureto persistence
in puzzlegames[4], and using facerecognitionsoftware to
improve social-emotionallearningfor autistic children [37].
Other researchers,such as Mandryk and Atkins [26] and
HazlettandBenedek[18], have alsoshown thatphysiological
measures(e.g., GSR, EMG sensors,and heart rate) can be
used to predict emotion when playing games. Our work
measuresphysiological responsesin the face of changes
in computer performanceand utilize real-time sensingof
physiological traits in makingarchitecturaldecisions.

9. Conclusion
In this paper, we made a casefor the addition of new

input devices that provide information on human state in
future computerarchitectures.SpeciÞcally, we explored the
useof threebiometricsensors:aneye tracker to measurepupil
dilation andpupil movement,a galvanicskin responsesensor
for sensinguserarousal,and force sensorson the keyboard
for sensingbehavioral traits. We have conductedmultiple
user studies. The Þrst showed that human physiological
readingsdo in fact changewith changesin performance.
Thesecondshows thatbiometricreadingsarecorrelatedwith
usersatisfaction.Baseduponthe observationsin theseinitial
studies,we constructeda Physiological Traits-basedPower-
management(PTP) systemfor driving dynamicvoltageand
frequency scaling on a processor. PTP was designedto
be orthogonal to most other DVFS techniques.We built
our systemin combinationwith an adaptive DVFS scheme
basedon the Linux ondemandgovernor. An evaluationusing
an additional user study showed that an aggressive PTP
schemereducedthe total systempower consumptionof the
laptop by up to 33.3% for an application averagedacross
users (18.1% averagedacrossthree applications),while a

conservative PTP schemereducedthe total system power
consumptionby up to 25.6% acrossusers(11.4% averaged
acrossthreeapplications).Overall, theseresultsshow that a
robust systemcan be built that makes decisionsbasedupon
observingbiometricssensors.This demonstratesthepotential
for incorporatingbiometricinformationinto the architecture-
level decisionmakingprocess.
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Appendix A
This appendixexpandsupon discussionin Section 4.2.

Figure10 presentsthe raw datafor six of the sensormetrics.
The results for each user is presentedin a row in the
table of graphsand eachcolumn correspondsto a different
sensormetric (the Þrst column presentsthe reporteduser
satisfactionlevel). In eachof thegraphs,thex-axisrepresents
the frequency with 1 beingthehighest(2.2GHz) and5 being
the lowest frequency (600MHz). The y-axis representsthe
user satisfaction rating for the Þrst column and the mean
of the sensorreadingsfor the remainingcolumns.The raw
data shows that the sensormetrics can be noisy. However,
in general,a changein the usersatisfaction is reßectedby a
changein sensormetrics.If we considertheaveragebehavior
(presentedin the last row), we seethat mostsensorsshow a
strongrelation to the usersatisfaction levels.

198

Authorized licensed use limited to: University of Michigan Library. Downloaded on February 8, 2009 at 14:09 from IEEE Xplore.  Restrictions apply.




