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Abstract

Any architectual optimizationaims at satisfyingthe end
user Howerer, modern architectuies execute with little to
no knowledg about the individual user If architectues
could determinewhethertheir usess are satispedthey could
provide higher efbciencyjmprovedreliability, reducedoower
consumptionincreasedsecurity anda betteruserexperience
A major reasonfor this limitation is their input devices.
Specibcallythe traditional input devices(e.g., the mouseand
keyboad) provide limited informationaboutthe user In this
paper we male a casefor the addition of new biometric
input devices for providing the computerinformation about
the user® physiolaical traits. We explore three biometric
devicesas potental sensos: an eye tradker, a galvanic skin
response(GSR) sensor and force sensos. We brst present
two user studes that explore the link betweenthe sensor
readingsand user satisfactionwhenthe performanceof the
processoris varied as a video gameis being played.In the
prst study we drastically drop the processorclodk frequency
at a set point in the game In the secondstudy we set
the clodk frequencyto randomly-selectetevels during game
play. Both studiesshowthat there are signibcantchangesin
humanphysiolaical traits as performancedecieases. More
importantly we show that physiolagical changes correlate
stronglyto the satisfactionlevelsreportedby the users. Based
upontheseobservationsye constructa Physiolaical Traits-
basedPowermanayement(PTP) systenthat can be applied
to existing dynamicvoltage and frequencyscaling (DVFS)
schemesWe apply PTP to a typical CPU-utilization-based
adaptiveDVFS policy and evaluateour schemeusinga third
userstudy An aggressiveversion of our PTP schemereduces
the total systempower consumptionof a laptop by up to
33.3%for an applicationaveraged acrossusess (18.1%aver
aged acrossthree applications),while a conservativeversion
reduceshe total systempower consumptiorby up to 25.6%
acrossuses (11.4%avetaged acrossthree applications).

1. Intr oduction

The ultimate goal of ary architecturaloptimizationis to
satisfy the end user However, the design,optimization,and
evaluationof modernconputer architecturehave largely left
the user out of the loop. Architects typically ernvision 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, performancesvaluationis often simpliPedto met-
rics such as instructions per second(IPS). Although such
metricsmay be corvenientand easyto measurethey do not
directly correlateto usersatishction [34].
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Several trendsare corverging to increasethe importance
of exploring useraware computerarchitectures:

User-centric Applications: Batchapplicationsare not the
sole workloadsfor mog architecturesAn increasingnum-
ber of modernapplicationsare designedto interactwith a
user Mary senerside applicationsexist to provide services
to usersover the network. Multimedia applications,video
games,andweb browers are commonworkloadson desktop
machines.In addition, applicationsexecuting on embedded
andportabledevicesareinherentlyinteractive. It is important
for architecturesunning suchusercentric applicationsto be
optimizedwith the goal of satisfyingthe user

Ar chitectural Trade-offs Exposedto the User: Archi-
tecturesshould not naively execute instructionsas fast as
possible Due to thermaland power constraintsarchitectural
trade-ofs are now directly exposedto the userin the form
of shorterbatterylife, decreasetifetime reliability, annging
performance-limitingthemal emegencies,and higher oper
atingtemperaturegcausingOhirning-lapsyndrom®).To bal-
ancethe trade-of betweenperformanceand thermal/paver-
relatedissues,it is importantfor architecturego tune per
formanceto, but not above, the level necessaryo meetuser
needsand expectations.

Optimization Opportunity: Users differ dramatically
from each other Recentstudieshave shovn that there is
considerablevariation in user expectation and user satis-
faction relative to actual hardware performance[17], [34].
Wherethereis variation,thereis opportunityfor optimization.
Variationin userexpectationhasbeenleveragedfor improv-
ing power consumpin [25] and for efbciently scheduling
virtual machineqg22]. The benebtgesultfrom optimizing to
individual usersinsteadof assuminghat all usersare equal.

We assertthat the designof modernarchitecturesmakes
it difbcult (if not impossible)to implicitly infer and reason
aboutthe end user One only needsto obsenre the current
computerusagemodel to understancthis claim. First, the
user directs the computerexplicitly via input devices (e.g.,
keyboard or mouse).According to userdirection, the com-
puter executesinstructons to manipulatemachinestate.Af-
terwards,the userobtainsinformationvia outputdevices(e.g.,
display or spealers). Note that during this human-computer
interaction, there is a consideable asymmetrybetweenthe
information available to the user and information available
to the computer Although the user can direct the computer
to change/viev the systemstateat ary time, the computer
executeswith little arny information aboutthe userstate.

In this paper we make a ca® for balancingthis human-
computerinformation asymmetryby augmentingfuture ar-
chitectureswith new input devices that provide information
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on user state. Enabling a computerto senseand perceve
user state has a number of benebts.First, understanding
userstatewill enableuseraware optimizationsby providing
implicit userfeedback.Tailoring executionto the individual
user®Otasteill resultin betterefpcieny and signibcant
benebtdn power savings or increasedifetime reliability. In
addition, decisionsaboutresourceassignmenti.e., deciding
on the level of parallelismof an applicationrunning on a
chip multiprocessor)can be made more effectively. Most
importantly computerbehaior will be personalizedbased
uponindividual expectationsto improve usersatisfiction.
We propose, and evaluate, the use of biometric input
devicesthat provide information on humanstateby observ-
ing physiological traits. Using physiological readingsis an
intuitive brststepin understandindghe user;our experiments
suggestthat a changein user stateresultsin a number of
measurabl@hysiologicalresponsesiVe usean eye tracker to
measurgupil dilation andeye movement,a galvanic skin re-

sponsg GSR)sensorto measureskin resistance/conductance,

and force sensorsto measurebehaior. We begin with two
user studiesto motivate the use of theseaddiional input
devices.In the brst,we drasticallydrop the CPUfrequeny at
a setpoint while a gameis being played.In the secondwe
randomly vary the CPU frequeng acrossmultiple settings
during game play. We showv that the CPU frequeny hasa
signibcanimpacton the physiologicaltraits of the users.We
alsoshaw thatthe changesn the physiologicaltraitscorrelate
with the satisfiction levels reportedby the participants.

Basedupontheseobsenations,we thenconstructa Physi-
ological Traits-basedPower-management(PTP) systemto
demonstratean applicationof thesebiometric input devices.
PTP may augmentary existing dynamic voltage and fre-
gueng scaling(DVFS) schemdo make userawaredecisions.
In its current implementation,PTP adjusts the maximum
frequeng by incorporating human physiological readings.
DVFS is a common power sasing techniqueavailable on
modernmicroprocessorghat scalesthe frequenyg (and volt-
age) of a microprocessoto reducepower consumption.By
addingPTPto atypical CPU-utilization-base®VFS scheme,
we signibcantlydecreasg@ower consumptiorwith little to no
impacton usersatisaction.

It is intuitive to imagine that the computerperformance
will impactthe physiologicalresponse®f users.Therehave
beenstudiesshawving the relationshipbetweenphysiological
sensorreadingsand reporteduser enmotions in responseto
interactionwith computerprograms[26], [18]. However, to
the bestof our knowledge,this is the brststudyin measuring
theimpactof computerperformanceon humanphysiological
traits. Specibcallywe make the following contrikutions:

¥ We make a casefor usingbiometricinput devices (such

aseyetrackers,galvanicskin responsesensorsandforce
sensorsjn making architecture-leel decisions;

We shav through two user studiesthat our selected
biometric input devices are able to detect changesin
humanphysiologicaltraits asthe performancds altered
during the run of an application;and

We demonstratea useraware systemfor augmenting
DVFS and evaluatethe systemwith anotheruserstudy
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The rest of the paperis organized as follows. Section2
discusseshe biometric sensorsSection3 presentghe setup
of the user studies.Section4 describesthe brst two user
studiescorrelatingsensorreadingsto user satisfction. Sec-
tion 5 discussesur prototype DVFS systemfor leveraging
biometricinput devices. Section6 discussesmplementation
of the systemand Section7 presentsour results.Section8
describegelatedwork and we concludewith Section9.

2. Biometric Input Devices

To supportuseraware computerarchitecturescomputers
will requireameango understandisersatisaction.Although
it is possibleto explicitly askthe userfor information, this
may be annging. The ability to implicitly determinethe
degree of user satishction would be ideal. Unfortunately
currentarchitecturesare not equippedto implicitly estimate
user satiskction. This is due to a fundamentalimitation of
currentinput devices. Traditional input devices mainly exist
to allow the userto explicitly control the machine state.
However, they provide little information aboutphysiological
state.Without ary informationaboutuserstate,it is olbvious
thata computercannotreasoraboutusersatistction.To help
bridgethis gap, we make a casefor the additionof biometric
sensorsin future architectures.In this work, we explore
threebiometric sensors:eye trackers, galvanic skin response
sensorsandforce sensorsThesesensoraredescribedn the
following sections.

2.1. Eye Tracking

Eye behaior reveals a lot of information about usersO
state. We are particularly interestedin pupil dilation and
pupil movement.Pupil dilation, or changesn the pupil radius
over time, has been shovn to correlateto mary external
and internal human factors. Studiesshav pupil dilation to
be relatedto mentalworkload[19], perceptuakhanged10],
andpositive/nayative affect or emotionprocessing30]. Pupil
movement provides another source of information. Even
when viewing a still image, humans do not keep their
eyes steady Instead the eye constantlylooks aroundbnding
interesting parts of each sceneto createa larger mental
map of the whole scene.Changesin the behaior of eye
movement may also indicate higher level changesin the
sceneryor humaninterests/statd-or example,saccade¢fast
simultaneousnovementof both pupils) have beenlinked to
boundariesof event perception35].

We use the ASL MobileEye eye tracker, shovn in Fig-
ure 1(a), for collecting eye-related information. The eye
tracker usesvideo-basedcombined pupil/cornealre3ection
to track the focus of the user®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 measuredy
using the pupil radius samplesfrom the eye tracker. Pupil
movementis measuredising the Euclideandistancebetween
consecutre samplesof the pupil X-Y coordinates.

2.2. Galvanic Skin Response

Galvanic skin respons¢GSR)[7] measureshe skin®abil-
ity to conductelectricity GSRis strongly but not completely
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(a) Eyetracker.

(b) Custom-madé5SR sensar

(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) Playingthe 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 sweatin sweatglandsin
skin [41]. GSR acts as an indicator of the autonomicner
vous systemref3ectingboth sympathetic(e.g., Pght-orRight
responseaswell asparasympatheti¢e.g.,restor relaxation)
responseln generalalow conductancés a signof relaxation
and high conductancés 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 shovn in Figure 1(b). The GSR sensor
consistsof two probes attachedto velcro strips that are
wrappedaroundthe user®bngersduring experiments.The
two probesarewiredin avoltagedivider circuit for measuring
the voltage (andtherefoe the resistanceand/orconductance)
acrossthe skin.

GSRreadingsshow long-termand short-termeffects. For
example, two sample GSR tracesfor one of the authors
are shawvn in Figure 2; Figure 2(a) shavs the GSR when
resting and Figure 2(b) shavs the GSR when playing the
Needfor Speedcomputergame.At rest the GSR doesnot
stayconstantRather it slowly decreasesver a periodof 5B
10 minutesandthenslowly levels out. When excited during
gameplay, the GSR exhibits a much more varied response.
To measureshort-termchangesn userarousal,and plter out
the long-termtrends,we employ a metric that we call delta
GSR which resembleshe metricOhasiGSR(5]. DeltaGSR
is computedby taking the difference betweenconsecutie
samplesand bltering out the negative values.Whensummed
over a period of time, the delta GSR senes as a metric for
thetotal userarousalfor thetime period.We sampleat 30Hz
andusea period of one second.
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2.3. Force Sensors

We also use force sensors(shovn in Figure 1(c)) to
collect behaioral information about the user Studiesin
keystroke dynamicshave shavn that keystroke patternsfor a
given userare correlatedwith variousemotionalstates[40].
However, the force of eachkey pressmight hold additional
informationnot capturedoy timing alone.For example,users
may pressthe keys harderto expressanngance,or during
times of intenseinvolvementin game play. Also, for some
applicationsthe rangeof keys involved is quite limited, and
force may provide moreinformationthankeystroke patterns.
In this work, we studythe correlationbetweerkeystroke force
and usersatisgction.

We useforce-sensitie resistorsto instrumenteachof the
four arrow keys, as shawn in Figure 1(c). The force sensors
are measuredising a voltage divider circuit. The maximum
pressurezalueamongall measuredkeys yieldsa singlemetric
for comparisonwhich we will referto as MaxArrow. The
samplingrateis 30Hz.

2.4. SensorMetrics

We measure four readings from the biometric input
devices: pupil dilation, pupil movement, delta GSR, and
arron-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 debnethe term
sensor metric to be a specibccombination 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 sensords a major considerationfor
usingthemasbiometricinputdevices.ldeally, biometricinput
devices will (1) not impedethe use of the computerin ary
way, (2) requirelittle effort by the user and (3) not incur
signibcantnanciakost.We selectour sensordbasedn these
principles. ConsumerOremoteeye trackingOproducts are
available which detecteye focus and pupil radiuswithout a
head-mountedystem Furtherresearchnto this areais likely
to lower the costof thesesystemg6]. Modernlaptopscontain
built-in camerasand image recognition software exists for
detectingpupils [28]. The electrical componentgequiredto
measurésSRareinexpensve. While the velcro-stripcontacts
may be consideredoo cumbersomethesecontactshave also
successfullybeenintegratedinto a computermousein a way
that requiresno explicit action by the user[42]. Integrating
forcesensorsnto acomputerkeyboardwould dolittle change
to the existing structureand piezoresistie force sensorsare
inexpensve; theforce sensorsisedfor thiswork 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 Core 2 Duo T7500processoand?2 GB
DDR2 SDRAM running Microsoft Windows XP. The laptop
is tetheredto power for experiments.The processorsup-
portsseven frequeng levels using Intel EnhancedspeedStep
Technology(2.2GHz,1.6GHz,1.2GHz,800MHz, 600MHz,
400MHz, and200MHz). In our experimentswe usethe top
bve frequenciegangingfrom 2.2GHz to 600MHz.
Data from the GSR and force sensorsis collectedusing
a National Instruments603E dataacquisitioncard connected
to the PCI bus of a separateworkstation. The workstation
then sendsthe sensorinformation througha TCP soclet to
the laptop over a private LAN connection.
In our userstudies,we usethe following applications:
¥ Need for SpeedPro Street [3]: A 3D driving game
againstthe computer The gameis very CPU-intensie.

¥ Tetris Arena[2]: A 3-D versionof the classicpuzzle
game. The game consumes100% of the CPU. How-
ever it exhibits little performancedegradation as the
frequeng is decreased.

¥ Micr osoft Word 2000 Version 9.0 [1]: The useris

given a documentto reproducein Microsoft Word. In
general Microsoft Word is not CPU intensive. However,
we includesomehigh-qualityimagesinto the document.
Moving the imagesoccasionallycausesshort bursts of
high CPU utilization.

We developeda userpool by adwertisingour studieswithin
NorthwesternUniversity. The participantscomefrom a vari-
ety of backgroundsindincludemalesandfemales.engineers
andnon-engineersaswell asinexperiencedcomputerusers.

4. Correlating Human Physiological Traits with
User Satisfaction

The ultimate goal of this paperis shov hov human
physiological traits can be usedas an implicit measurefor
inferring user satishction. In this section, we presenttwo

userstudiesexploring the link betweenhumanphysiological
readingsand usersatistction.

4.1. Motivating the Use of Physiological Sensors

The Prst user study explores whetherthere are changes
in human physiological traits when the performanceof the
processois changedOneof our major concernsvasthatthe
measurememoiseduring gameplay may maskarny changes
in physiologicaltraits. It is not difPcult to imagine possible
sourcesof noise.For example,in a driving game,a difbcult
sectionof tight turns may producedifferent measurements
than anothersectionwith a long straightavay. Due to this
concern,we brstconducta controlledinitial userstudy with
14 users.During the study we askthe usersto play the Need
for Speedgametwice. Eachtime, ata predeterminegbosition
on the racetrackwe eithermaintainthe highestfrequeng, or
dropthe frequeny to 600MHz for 20 secondsAt 600MHz,
the game greatly slows down. During the 20 secondswe
measurestatisticsfrom eachof the physiological sensors.

Figure 3 shows the datafrom three of the sensormetrics
that display signibcantchangesin the initial user study
Mean eye movement(shavn in Figure 3(a)) decreasedor
the large majority of the users.The maximumforce on the
arrov keys (shown in Figure 3(b)) alsoregistersa noticeable
decreasdor most users.The maximum delta GSR (shovn
in Figure 3(c)) shaws a relatve changefor mary of the
users.However, it increasesfor some usersand decreases
for others. The differencein users may be attributed to
varying emotional reactionsto a slow system:some users
becomeannged and more aroused,while others become
boredandlessinvolved.Neverthelessthe resultsindicatethat
both arousal-basedensorge.g., DeltaGSR)and behaioral
sensorge.g., MaxArrow) do indeedchangesignibcantlyas
applicationperformancds decreased.

4.2. Physiological Sensorsand User Satisfaction

With the knowledge that the sensormetrics do indeed
changewith performance,we conducta secondstudy to
explore (1) the effect of random game phasesand (2) the
correlationbetweerphysiologicalreadingsat differentperfor
mancelevels and usersatishction. The usersplay the Need
for Speedgame. This time, the processorspeedis changed
to a randomfrequeny at a randompoint in the game.The
changein performancelasts for 30 secondsWe randomly
visit each frequeng level twice; the brst time we collect
sensometric readings,andthe secondtime we verbally ask
theuserfor a satishctionrating. Usersreporttheir satistction
as follows: 5 (Very Satisbed)4 (Satisbed)3 (Indifferent),
2 (Unsatisbed)and 1 (Very Unsatisbed).

A good sensormetric will report as different when the
usersatishctionchange@ndassimilar whenusersatistction
remainsthe same.To distinguishbetweensensormetrics at
different frequencies,we employ a t-test-basedsimiliarity
metric. As the physiological sensorsare noisy by nature,we
use multiple samplesand statisticalmethods.Both the data
acquisitioncard (collecting GSR and force information) and
theeye tracker sampleat 30Hz. Eachsecondwe computethe
sensometricsbasedon 30 samplesAfter discardingthe brst
andlast bve secondf each30 secondsnterval, we have 20
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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.

calculatedvaluesper sensommetric. We thenusea t-test,with
a 90% conbdenceénterval, as our metric for measuringthe
similarity betweensetsof valuesfrom differentfrequencies.
We now evaluatethe behaior of our sensometricsacross
multiple frequenciesFor every sensormetric, we usethe t-
test-basedsimilarity metric to compareeachfrequeng with
the highest frequeng. The assumptionis that if the user
is annged, the t-test should indicate that the two setsare
different;if the useris not annged, the t-testshouldindicate
that the two setsare similar. We then manuallycomparethe
t-test resultswith the reporteduser satishction. The sensor
metrica successf (1) thet-testindicatesa differenceandthe
usersatishctionchangesor (2) the t-testindicatessimilarity
and the user satistction does not change.False positives
occur when the t-test indicatesa difference, but the user
satishction is the same.False negatives occur when the t-
testindicatessimilarity, but the usersatishctionis different.
Out of our twelve potential sensormetrics (maximum,
mean,and variancefor pupil radius, pupil movement,delta
GSR, and force feedback),we develop a setof the six best
individual sensometics (shavn with their respectie counts

7 8

[0 Bad Performance

vl

9 10 11 12 13 14

User

(c) Maximum deltaGSR.
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 signibcantly decrease. Maximum delta GSR has more variation across users indicating different responses to a

192

in Table 1). The succesgatesof the six sensormetricsare
all above 60% with the top threepredictingsimilar/different
usersatishctionwith nearly70% accurag. The falsepositive
rate rangesfrom 11.9%D14.3%and the false negative rate
rangesfrom about 15.5%932.1%. Theseresultsshov that
thereis a strongcorrelationbetweenchangesn satisaction
and changesn the physiological readings.

To conbrmour Pndingsfor the entire set of users,we
averagethe sensometricsacrossall usersandlook for trends.
Figure4 shavs the averageddatafor usersatisactionandthe
top threesensometrics.Thereis a clearcorrelationbetween
our sensometricsandusersatishction.For referencetherest
of the raw datais shovn in Figure 10 in Appendix A. The
sensormetrics exhibit somenoise acrossusersbut, overall,
theseresultsshov thata changein usersatishictiongenerally
resultsin a changen sensorreadingsThis behaior, together
with the high predictionaccuray, shavs thatusersatisfiction
and physiologicaltraits are correlated.

We now considerthe conbdencéevel reportedoy the t-test
for eachcomparison A high conbdencdevel indicatesthat
thetwo setsof databeingtestedaredifferent.Figure5 shavs
the averageconbdencdevels acrossall usersfor eachcom-
parison.As performancedecreaseszonbdencehat the user
satishctionis differenttendsto increase.This signibesthat
the physiological readings differ more at lower performance
levels. However, the lowest frequeng level doesnot follow
the sametrend. We postulatethat at this frequeng level, the
performancds so low that someusersstop caringaboutthe
game.During the user studies,we recall userscomplaining
aboutthe performanceand talking to the proctor insteadof

1. Thefalsepositive rateimpliesa lost opportunityfor reducingfrequeng,
but no reductionin usersatisaction. Assumingthatthe sensorsareindepen-
dent, combinationsof them may be usedto reducethe false negative rate.
Furthermore,ary DVFS algorithm basedon thesesensorscould treat the
sensomreadingsconseratively, reducingthe effect of falsenegatives. In the
systemwe describdn Section5, we usecombination®f sensorsindevaluate
both aggressie and consenrative usesof their readings.
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Figure 5. The average conbdence 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 conbdence indicates a difference.
As frequency difference increases, the sensor metrics
differentiate better, except for the lowest frequency.

playing the game.lt is possiblethat the sensoreadingsmay
changein suchsituations Neverthelessevenfor this casethe
sensorreadingsshav signibcantlydifferent behaior when
comparedo the highestfrequeng.

An importantdecisionwe have to make is how to decide
whentwo readingsare different. Accordingto our subjectve
obsenations,the Needfor Speedgameexhibits very similar
performanceat 2.2GHz and 1.6GHz, but the performance
quickly decreaseat lower frequenciesA conbdencdevel of
85% males this distinction correctly when averagingacross
all usersandcontinuedo distinguishcorrectlyfor a different
set of usersin the third study Thus, we adopt an 85%
conbdencdevel in the t-testsfor the restof the paper

In summarythesetwo initial userstudiesindicatethat (1)
a drasticdrop in performanceresultsin noticeablechanges
in our sensormetricsand (2) physiological readingscan be
usedto infer usersatisfction.

5. Using Physiological Traits for DVFS

To demonstratea use of empathicinputs, we construct
a Physiological Traits-based Power-management (PTP)
system for inferring user satisfction from physiological
readingsand driving a DVFS algorithm.

The goal of PTPis to determinethe minimum operating
frequeng that maintainsuser satisaction. Specibcally PTP
Prst runs a training phasewith the tamget application (the
algorithmfor the training phaseis detailedin Algorithm 1).
PTP begins by comparing sensorreadingsat the second-
highestfrequeng andthe readingsat the highestfrequeng.
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Algorithm 1 PTPtraining algorithm

Frequeng: f | MAX_FREQ1
while f is in frequeny rangedo
if TestSame\IAX_FREQSf ) then

frf 1
else if Majority vote of 3 calls to Test-
SameMAX_FREQ) is true then

flr f+1
else

while f is in frequeng rangeand Majority vote of 3

callsto TestSame{IAX_FREQ®) is falsedo
frf+1

return f

Algorithm 2 TestSameusedby the PTP training algorithm

Two frequenciedo test:f 1,f 2
Collect sensometricsat f 1 for 20 seconds
Collect sensometricsat f 2 for 20 seconds
t-testeachsensometricatf 1 andf 2 with conbdencéevel
of 85%
if morethan50% of sensordiffer then
return false
else
return true

Each comparison(detailedin Algorithm 2) consistsof (1)
runningfor 20 secondsat the highestfrequeng, (2) running
for 20 secondsat the testing frequeng, and (3) a t-test
betweeneachof the sensormetrics. Initially, the algorithm
aims at quickly reducing the frequeng, if possible. The
algorithmconsecutiely teststhe frequenciedor noisein the
sensorslf two out of threetestsreportthatthe sensometrics
have changedthe majority vote test concludesthat the two
frequenciesare the different; if not, it reportsthey resultin
the sameusersatishction. PTP repeatshe majority vote for
eachfrequeng until it bPndsa frequeng that doesnot pass.
Then, it stats moving up from this point until it Pndsthe
level thatpasseshe majority test. This frequeng is calledthe
settledfrequeng. Setled frequeng is usedasthe maximum
frequeng during the execution of this application(in other
words, the operatingfrequeng is never increasedto above
the settledfrequeng).

It is importantto notethat from the user@perspectie, the
training and testing phasesare not visible. The usersimply
interactswith the computeras normal.

An exampleof the interactionbetweenthe sensometrics
and PTP training is shavn in Figure 6. The bgureshavs a
traceof thealgorithmasit settleson afrequeng (in this case,
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Algorithm 3 Linux ondemancdyovernor algorithm

for every CPU in the systemdo
if UP_DELAYmillisecondssincelast checkthen
if utilization > UP_THRESHOLIEhen
increasefrequeny to maximum
if DOWN_DELAMillisecondssincelast checkthen
if utilization < DOWN_THRESHOltfen
decreaseao lowestfrequeny that keepsthe utiliza-
tion at 80%

1.6GHz). Thex-axisis time. Eachsteprepresents 40 second
period: 20 secondsat the highestfrequeng, and 20 seconds
at the test frequeng. The bold line with diamondsshavs
the test frequeng, correspondingo the right vertical axis.
The conbdencdevels of the t-testsfor eachsensometricis
shawvn in eachtime step,with the conbdencéndicatedby the
left vertical axis. A conbdencebore 85% indicatesthat the
sensometric differs betweenthe two frequenciesWe begin
at 1.6GHz. At this point, only 2 of the 6 sensoraredifferent
so we continue down to 1.2GHz. At 1.2GHz, thereis a
large changein Mean PupilRadiusIn fact, Max_MaxArrow,
Mean PupilRadiusMean MaxArrow, andMax_PupilRadius
all exhibit high conbdencdor two testsand thereforereject
the majority vote testfor 1.2GHz. The frequeny increases
to 1.6GHz, andthe sensometricsreturnto valuesindicating
thatthe sensorsarethe same thereforepredictingthe useris
satisPedThe algorithm settlesat this frequeng.

The PTP control algorithm is orthogonalto most other
DVFS stratgies. Although PTP providesa long-termpredic-
tion of usersatishction,anotherDVFS stratgy canbe used
for short-termdecisionsWe build PTP on top of an Adaptive
DVFS stratgyy thatis baseduponthe Linux ondemandVFS
governor [29]. This stratgy is de<ribed in Algorithm 3.
In short, if utilization increasesabore UP_THRESHOLD
the frequeng increasesto the maximum frequeng. If the
utilization is belov the DOWN_THRESHOQLMe algorithm
Pndsthe frequeng that maintainsaborve 80% utilization. We
use200msfor bothUP_DELAYandDOWN_DELAB0% for
UP_THRESHOLRNd 30% for the DOWN_THRESHQOLD

PTP usesthe minimum value of the frequeng provided
by the PTP control policy and the Adaptive control policy.
Althoughtheideaof combiningthe DVFS schemesnayseem
simple, there are beneptsto such a solution. For example,
a burst of keyboard or mouse events often causeadaptve
DVFS control schemege.g., Windows XP DVFS [27] or the
Linux ondemandcontrol policy [29]) to unnecessarilyaise
the frequeng to the maximum level. PTP preventsthis by
limiting frequeng at the minimum level necessaryo satisfy
the user In other words, PTP allows an adaptve DVFS
schemeto malke better short-termdecisionswhen the CPU
utilization is generallylow. For applicationsthat satisfy the
userat high utilization, PTPmay setthe frequeng to alower
level (if it predictsthatthe useris satispedwith that level),
saving a signibcantamountof power.

Ideally, we would like to explore the combinationsof
sensormetrics for usersand applicationsas well as search
the parameterspacefor the PTP threshads, but this would
requirereal usersin the loop andthereforebe slow. A single
user study with three applicationstakes about an hour of
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Sensor Metric Confidence During Training
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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 1.2GHz and 2.2 GHz, the
majority of the sensors result in a high t-test, indicating
that the user® 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
accurateéndividual sensometricslisted in Table 1 andclose
the loop for evaluationwith userstudies.

Picking one set of sensormetrics openssome questions.
Will the sensometricsgeneralizeacrossapplicationsZEven
for a single application, how does the sensitvity depend
on users?By using the sameset of sensormetrics across
all usersand applications,it is very possiblethat we will
occasionallyanngy some users.To increasethe sensitvity
to our experiments,we develop two variationsof PTP: an
aggressve PTP (aPTP) and a consewative PTP (cPTP).
aPTPoperatesxactly asthe PTPalgorithmdescribedn this
section.cPTP is similar to aPTP but selectsthe frequeny
level one stephigherthanaPTR
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6. Implementation and Deployment

The PTP systemis implementedas a userspaceprogram
that executesbeforeeachapplicationrun in the userstudies.
Data from the biometric devices are collected on a sepa-
rate workstationand sentto the experimentallaptop via a
TCP soclet connection.In productionsystemswe ervision
biometric input devices being managedby the operating
systemlik e traditional input devices. We have designedPTP
as a proof of conceptfor using biometric input devices
to improve architecture-leel decisions.Other approacheso
using biometric dat different from ours could potentially
lead to even strongerresults.Here, we are concernedwith
providing the prst evidence of the clear benebtsof using
biometric datain architecture-leel decisionmaking.

In a real-world implementation,the power consumption
of the biometric devices would needto be outweighedby
the power savings due to the PTP The sensorschosenfor
this work all conform to this requirement.Piezoresistie
force sensorsmay be measuredwith very little additional
enegy using a voltage-dvider circuit and an analog-to-
digital corverter which arebothcommon Jow-power circuits.
GSR is also a simple resistve measurementand 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-digital corverter
An eye tracker requiresan infrared camera,infrared LEDS,
and the capacityfor image processingCollectively, the eye
tracker sensorcould operateon well belowv a Watt [44], [21].
Although some of these sensorsmay be expensve today
the technologyfor producing sensorscapableof operating
within desirablepower constraintsand at a low cost has
alreadybeendeveloped.Additionally, the processingneedgo
interpretthe sensorgouldalsobe assignedo a coreof a chip
multiprocessqgrreducingthe additionalhardware required.

7. Experimental Results

In this section,we evaluatethe aPTP and cPTP systems.
We compareboth PTP variantswith the Adaptive scheme
describedin Section5. We usethe Needfor 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 the PTP strategyy.
Afterwards, the user continuesto use the Adaptive scheme
and the aPTP schemefor 2.5 minuteseach. The order of
the aPTP and the Adaptive schemeis randomizedbetween
experiments.The last 10 userssubsequentlyuse the cPTP
schemefor 2.5 minutes. At the end of eachrun, the user
is asled to verbally report satishction basedupon the scale
describedn Section4.

During experimentswe capturetracesof the frequeng. A
National Instruments6034E data acquisitioncard measures
the potentialdrop acrossa low-impedanceresistorin series
with the laptop power cable. This allows us to measurethe
systempower consumptioras frequeng tracesarereplayed.
The total systempower includes the power consumedby
the fully-operating laptop including the processara fully-lit
15.1Qaptopdisplay network interface,andotherperipherals.

The take-avay pointsfrom our evaluationare:

¥ Usersatisactionfor aPTPandcPTParenearlyidentical
to the underlyingadaptve schemeand

¥ aPTP and cPTP sare 18.4% and 11.4% total system
power, respectiely.

7.1. User Satisfaction and Power Savings

In Figure7, we presenthefrequencieshataPTPandcPTP
settleonfor NFS, Tetris,andWord. The x-axis correspond$o
the usersandthe y-axisis the settledfrequeng. Eachcluster
shaws the settled frequeng for both PTP variantsand all
applications.
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NFS is a CPU-intensie applicationfor which obserable
performanceis sensitve to CPU frequeny. aPTP picked
either 1.6GHz or 2.2GHz for 18 out of the 20 users.This
is drastically different from Tetris, where the obsenable
performanceds lesssensitve to CPU frequeng. The average
frequeng chosenby aPTPfor Tetrisis 1.08GHz. Similarly,
for Word, the average frequeng chosenis 1.2GHz. This
clearly demonstrateaPTP®ability to intelligently detectthe
caseswhere CPU frequeng can be lowered. Since for the
TetrisandWord application the lower frequenciesandhigher
frequenciesresult in similar physiological responsesaPTP
lowersthe frequeng. As indicatedby usersatishctionlevels,
this achieves signibcantlyhigher efbcieny without causing
ary dissatiséction. Note that a userspecibccustomizationis
achiesed purely basedon the physiologicalreadingsfrom the
users,without explicit input or knowledgeof programphase.

There are some casesin Tetris and Word (14 out of
40 casesaltogether),where a higher frequeny of 1.6GHz
or 2.2GHz is picked by aPTR We checled the logs of
physiological readingsand found that the eye tracking data
was missingin 4 of thesel4 cases.This occurswhen the
user shifts in a mannersuch that pupil is not capturedby
the eye tracker camera.This introducessignibcantnoise to
the decisionmakingsystemandresultsin a higherfrequeny
being chosen Another 3 casescorrespondo self-admittedly
inexperiencedisers.Theseusersshow erraticbehaior. Thus,
the sensorreadingsare noisy and our systemconseratively
setsthefrequeng atahigh level. We mustnotethat,although
this looks like a lost opportunity for power saving, it is an
interestingfeature of the overall scheme:if for one reason
or another the sensorreadingsbecomenoisy, our system
conseratively setsthe maximum allowed frequeng to a
high one, therebyavoiding false negatives (i.e., caseswhere
the useris dissatisPedand our systempredictsthemto be
otherwise). For Word, we are limited to utilizing only 4
metrics,comparedo the 6 usedin NFS and Tetris, because
Max_MaxArrow and Mean MaxArrow cannotbe used(the
user does not pressthe arrav keys often). Nevertheless,
with Word, aPTP succeedsn picking low CPU frequencies
(1.2GHz and below) for 13 out of the 18 userswith valid
sensorreadings. Similarly, for Tetris, aPTP picks a low
frequeng for 13 out of 15 userswith valid sensorreadings.

Thereportedusersatishctionratingsandpower savingsfor
eachof the applicationscomparingaPTP and the Adaptive
schemeare presentedn Figure8. The bgureshows clustered
barsfor eachuser Theleft two barsin eachclusterrepresent

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



Need for Speed

- O apTP [J Adaptive B Power Savings <
o
S s 50 &
g 4 40 o
— f=
B 3 0 S
8 2 20 &
=1 10 g
g o Hl 0o =
=] o
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 Awg o
User
(a) Need for Speed
Tetris
- W arTP [ Adaptive M Power Savings S
o
S s 50 &
g 4 40 2
L 3 30 S
8 2 20 &
s 1 10 %
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 Avg o
User
(b) Tetris.
Word
< H aPTP O Adaptive B Power Savings g
S s g &
g 4 6 2
0 3 £
2 =
5 L @
2 0 0o 2
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 Avg =

User

(c) Microsoft Word.
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.

the usersatistctionwith aPTPandwith the Adaptivescheme
andcorrespondo the leftmostvertical axis. The right barin
eachclusterrepregntsthe total power savings corresponding
to the vertical axis on the right. For our two CPU-intensie
applicationsPTPsavesa considerabl@mountof total power.
Onaveragefor NFS(presentedn Figure8(a)),aPTPreduces
power consumptionby 19.2%, and for Tetris (presentedn
Figure 8(b)), aPTP reducestotal powver consumptionby
33.3%.Word (presentedn Figure8(c)) is only CPU-intensie
in shortburstsandaPTP only saves1.7% systempower. For
both Tetris and Word, aPTP also doesnot impact usersatis-
faction. However for NFS, aPTP tradesoff a small amount
of user satishction for power savings. For this application,
aPTP is too aggressie for some users. Averaged across
three applications,aPTP saves 18.4% systempower when
comparedo the Adaptivescheme.

To explore a more conserative PTP schemewe evaluate
cPTP with 10 users.Figure 9 presentsthe results of this
study The graphis in the sameformat as Figure 8. By
using cPTR we trade off improved user satishction with
power savings. cPTPtendsto maintainthe highestfrequeng
for NFS and saves 5.9% systempower, while maintaining
the same satishction level as the Adaptive scheme.cPTP
trades off the decreasedbower savings with an improved
average user satiseiction rating comparedto aPTR cPTP
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also maintainsa high user satishction for Tetris, and the
power savings drop from 33.3%to 25.6%. Averagedacross
three applications,cPTP saves 11.4% systempower while
maintainingthe usersatishction.

Overall, our resultsare very encouragingthey shav that
PTP can successfullysensephysiological traits, predict user
satishction,anddrive a DVFS schemdhatsavesconsiderable
power while maintainingusersatisiction.

8. Related Work

At the architecturelevel, there has beenwork that takes
user perceptioninto account.Endo et al. [12], [11] uses
lateny as a performancemetric and for detecting perfor
manceanomaliesin operatingsystems.Vertigo [15] moni-
tors applicationmessage$o measureuserperceved lateng.
Vertigo proposesa layeredfrequeng scalingschemesimilar
to PTR Other DVFS algorithmsuse task information, such
as measuringresponsetimes in interactve applicationsor
rate of changein the display [23], [24] as a proxy for the
user Thesestudiesrely on high-level metricsas proxiesfor
user satisfiction. To the bestof our knowledge, this is the
prst work that correlateshuman physiological datato user
satishctionfor making architecture-leel decisions.

Dynamic voltage and frequeng scaling (DVFS) is an
effective techniquefor microprocessorenegy and power
control for mostmodernprocessor$8], [9], [13], [14], [16],
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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]. Enegy efbcieny hasbeena major concernfor mobile
computersMallik et al. [25] and Shye et al. [34] shov that
it is possibleto utilize user feedbackto control a power
managemenschemeHowever, both schemesequireexplicit
user feedbackthat may be an incorvenienceto the user
Our work provides an implicit mechaném for inferring user
satisictionthatis orthogonalto theseapproaches.

The Affective Computing Group at MIT has worked to
develop emotion-avare computerg31]. 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 onrelatingpostureto persistence
in puzzlegames[4], and using face recognitionsoftware to
improve social-emotionalearningfor autistic children [37].
Other researcherssuch as Mandryk and Atkins [26] and
HazlettandBenedel18], have alsoshowvn that physiological
measureqe.g., GSR, EMG sensorsand heartrate) can be
used to predict emotion when playing games. Our work
measuresphysiologicd responsesin the face of changes
in computer performanceand utilize real-time sensing of
physiologicaltraits in making architecturaldecisions.

9. Conclusion

In this paper we made a casefor the addition of new
input devices that provide information on human state in
future computerarchitectures Specibcally we explored the
useof threebiometricsensorsaneye trackerto measurgupil
dilation and pupil movement,a galvanic skin responsesensor
for sensinguserarousal,and force sensorson the keyboard
for sensingbehaioral traits. We have conductedmultiple
user studies. The Prst shoved that human physiological
readingsdo in fact changewith changesin performance.
The secondshaws thatbiometricreadingsare correlatedwith
usersatishction.Baseduponthe obsenationsin theseinitial
studies,we constructeda Physiological Traits-basedPover-
managemen({PTP) systemfor driving dynamicvoltage and
frequeng scalng on a processar PTP was designedto
be orthogonalto most other DVFS techniques.We built
our systemin combinationwith an adaptve DVFS scheme
basedon the Linux ondemandyovernot An evaluationusing
an additional user study shoved that an aggressie PTP
schemereducedthe total systempower consumptionof the
laptop by up to 33.3% for an application averagedacross
users (18.1% averagedacrossthree applications),while a
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conserative PTP schemereducedthe total system power

consumptionby up to 25.6% acrossusers(11.4% averaged
acrossthree applications).Overall, theseresultsshowv that a

robust systemcan be built that makes decisionsbasedupon

observingbiometricssensorsThis demonstratethe potential
for incorporatingbiometricinformationinto the architecture-
level decisionmaking process.
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