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Abstract support explanations of multitasking strategy choices, or to

The process of interleaving two tasks can be described as assess t.he opt|mr? lity of stra}t_e gies. | th f
making tradeoffs between performance on each of the tasks. ~COMbined with a cognitive model that can perform

This can be captured in performance operating characteristic alternative multitasking strategs (i.e., alternatives for when
curves. However, thesmirves do not describe what, given the to interleave and execute multiple tasks), a payoff function
specific task circumstances, the optimal strategyinisthis enables an evaluation of the success of each aitthtegies
paper we describe the results of a daak study in which  (Howes, Lewis, & Vera, 2009)Strateges with the highest
participants performed a tracking and typing task under payoff can be determined and compared with human

various experimental conditions. Anjebtive payoff function . : . .
was usedp to describe how partijcipantsp syhould <oditle performancein experimenthsettings This can be used to

performance between the tasks. Results show that €XPlain the strategic choices participants make.

participantsO du#dsk interleaving strategy was sensitive to We developed drackingwhile-typing duaitask to test
changes in the difficulty of the tracking task, and resulted in the hypothesis that people can hone their-tlsk behavior
differences in overall task performance. To explain the to maximize the payoff that is achievethe task required

obs(;ar?/ed begavic?r, adcognitivc;aly bo%lnded .rationaléanalysis participantsto keep a randomly moving cursor inside a
model was developed to understand participantsO strategy .. : o :
selection. This analysis evaluated a variety of circular area ando type a string of digits. Tracking tasks

interleaving strategies aigat the same payoff function that ~Nave been used several multiasking studiege.g., Gopher,
participants were exposed to. The model demonstrated that in 1993; Hornof, Zhang, & Halverson, 201Kieras, Meyer,
three out of four conditions human performance was optimal; Ballas, & Lauber, 2000; Lallement & John, 1998; Salvucci
that is, participants adopted ddakk strategies that & Taatgen, 2008)For example, Goph&l993)showedthat

maximized the payoff that was achieved. performance tradeffs in a trackingwhile-typing task can
Keywords: multitasking;  performance operating be influenced by instructions to spend more time on one of
characteristic; cogritely bounded rational analysis the asks. Within the cognitive modeling literature, the work
by Lallement and Joh(1998)is interesing as it ®mpares
Introduction performance of models developed in several cognitive

architectures on a tracking and choice task. We attempt to
extend this work by showing howpeayoff function enables
us to bind normative cognitive models with experimental

Performance Operating Characteristighich show how the ~°Pservations of muliisking behavior, and specifically, to
performance of separate tasks vary together systematica hOW. how m“'t_'tas_k'T‘g strategy ch_o ice can be better
(Navon & Gopher, 1979; Norman & Bobrow, 1975)ade xplained by seeing it in relation to optimal performance.
offs reflect strategic choices and can be modifient, f
example,in response tanstructions toprioritize one task
over another(e.g., Brumby, Salvucci, & Howes, 2009;
Janssen & Brumby, in press) Method
Consideration of the strategic choices made inparticipants Eight participants (4 female) between 20 and
multitasking (i.e., 6 why a specific way of performing the 35 years of agel{ = 23 yearsfrom the subject pool at UCL
tasks is chosgmaturally supposes some optimal trade  participated for monetary compensati®ayment wabased
Why time is allocated differentially to the tasks, and Whyon performance C(eta“s are provided in the aferials
particular patterns of interleaving are adopted, muskection. The total mymentachieved by participantsanged
reference the relative success of thoseedtfit strategies. In  petweere7.13 andE11.45 (/ = £9.14).
this paper we use an objective payoff function to integrat®/aterials The diattask setup required participants to
into a single score the performance rewards traeking  perform a continuous tracking task and a discrete typing
while-typing duattasksituation.Suchpayofffunctionshave  task, presented on a single monitor. Figure 1 shows the
beenusedbeforein multitaskstudies, but onlyo showthat  |ayout of the tasks on the display. The typing task was
performances sensitiveto isolated factors such as chasge presented on the left side and the tracking tas the right.
in reward structure(e.g.,Wang, Proctor& Pick, 2007)  Each task was presented within a 450 x 450 pixels area,
Objective payoff functions have not previously been used tQyith a vertical separation of 127 pixels between the tasks.

Multitasking behavior often involves tradeffs in
performance (e.g., time, errors, extensiett) between the
tasks. Suchtradeoffs can bedescibed graphicallywith

Experiment



The tracking taskequired participantso keep a square  This function was determined using pilot studies, to make
cursor that drifted about the display in @aandomfashion sure participantsmostly gained money.To encourage
insidea targetircle (see Figure 1)The cursowas10 x 10  accurate typing, a digit penalty deducé&d(® from the total
pixels and the target had a radius of eitBér(smalltarge} payoff whenever an incorrectligit was entered To
or 120 pixels (large target). A random walk function was encourage participants to keep the cursor inside the target
used to vary the position of the cursor in the display evergircle of the tracking task, a tracking penalty was applied
20 milliseconds. T rate at which the cursor drifted about .
the display was varied between different experimental Tiacking Penalty = - 0.1*e>ccOutside/1386- 0.6931
conditions. In a low noise condition the random walk had a
meanof zeroandstandard deviation of Bixels per update
while in a high noise condition the randamalk had amean
of zeroandstandard deviation & pixels per update.

Participants used &ogitech Extreme 3D Prqgoystick
with their righthand to control the position of the cursor in

the tracking display. The drift function of the cursor wasp,qqyre Participants were informed that they would be

suspendd whenever the joystick angle was greater thangq,ired to perform a ses of duatask trials and that they

0.08 (the mgximum a_ngle was_l). The spe(_aq was scaled Would be paid based on their performancepakticipan
the angle, with a maximum &f pixelsper20 milliseconds.

' . o . payment was based on the cumulatipayoff over the
The typing ta;k required participants to entarstring of  course of the studyn additionto their base payment of £3
twenty .dlgltsusmga numeric kel?"’?d with their 'eﬁha‘.”q Participants were told that they wouddin moe pointsby
The string was ma(_je up .Of the.dlglts log, Wha@.d'g't completing the typing task as quickly as possible, but that
occurred at least six timeés a given sequence. Digits were they would losepointsif they made a typing erroor if the
presented in aandom order with theconstraintthat no

ingle diai d han th ; N cursor drifted outside of the target aiigathe tracking task
single digit was presented more than three imesnow in._ \ye chose not to give participants a formal descriptiohef t

the sequence (e.g., 0112333221321231321230 as in FigliE ¢t fnction but instead provided explicit feedbaater
1). When a digit wa®ntered correctlyt wasremovedfrom every dualtask trialwith the payoff score achieved.

the to-be-entered sequence. In this way, the-tafist digit After explaining how to perform each of the tasks

onTtrk]le dlsglay wag ?Iwayés_the ?ext.one to b;:_ ente.red.h. h participants performedwo singletask training trials for
e study usea forced interleaving paradigm, In WNICh 40 a5k and twduaktaskpractice trialsParticipants were

only one of the twt%tazk? wlasr:ns,lble_ an? Ciyld b.e .\t/)vlorke structed that for duahsk trials only one of the two tasks
on at any momenBy default the typing taskas visible 14 pe visible and controllable at any moment in time,

and the tracking task was cpvered by_ agray sqummrder and they were instructed how to switch between tasks.

to see and gontrol the tra_cklng tasartripants h_ad thold Participantsthen completed four blocks of g@erimental
down the trigger O.f the joystick When the trigger was trials (one for each experimental conditioihe order of
released, the tracking task was covenga gray squarand ., jitions wasrandomized and countalanced across

the t_ypin% task (rjeveale(_:i. lated f th K articipants with the exception that blocks of the same
Design The study manipulated aspects of the tracking taskise |evel were grouped together. The order of radius sizes

using a 2 (cur_so_r ”°‘$e: low .vlsi_gh) X2 (targe_t size: small wasrepeated erossthe first two blocks and the second two
vs. large) withinsubjects design. The main dependenst%Il

This penalty was crafted such th#0.10 was lost when
the cursor wa outside bthe radius for 0.5, and£0.20 was
lost when it was outside of the radius f@s In the
remainder of this paper we will not look at the effect of digit
penalty on payoff.

. . ) - ocks. For each block, participants completed five single
variables were the time required to complete the typing ta

; . sk tracking trials, five singleask typing trials, antlvent
and maximum distance of the cursor from the center of thauaktask tri%ls. The duahgli trialgpwegre furtherrgupeilj

target _C|_rcle. into sets of five trialswith a short pause between eas
Partlc_:lpants were remungrated ba perfc_)rmance, a5 The total procedure took about one hour to complete.
determined by an objective payoff function that was -

calculated for each du#dsk trial. The function was
designed to encourage fast completion of the typing task,
while keeping the cursor inside the targéhe payoff (in
pounds) for given trial was defined as

Payoff = Gain + Digit Penalty + Tracking Renalty

Theminimum payoff for a given trial was limited to-&.20
The gain componentas based on the total timequired to
complete a dualask trial (n seconds):

i = ialTi 20+ 0.2
Gain = 0.15 * e1 TotalTrialTimeln Sec/20 + 0.25

Figure 1: Position of the two tasks in the interface
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: 7 low noise, smaltarget visit to this window. Figure 2 shows these tviasic
M?{ ! low noise, big target strategy dimension®r eac.h of the four ppnditionkt.;an be _
ohﬁ?ghnﬁé?:ésg?;;trzget seen that for each experimental condition there is a unique
| ' point in this strategy spac® strategies differ between
W ‘ﬂ{ conditions.The number of digits entered per visit increased
with an increasén targetsize (F(1, 7) = 17.4p < .01), and
B it also increased with a decrease cursornoise (that is,
| more digits were typed when it took longer for the cursor to
"‘{ cross the boundayy(1, 7) = 15.18p < .01). There was no
significant interactionK(1, 7) = 3.24p = .12).

It can also be seen in kige 2 that théime spent in the
trackerwindow per visit increased with an increase in the
noiseassociated with the cursors movem@n(tl,7)=14.98,

: ‘ ‘ [ p = .01). An interaction effect was present as visit time was
0 5 10 15 20 particularly short in the low noise, largadius condition
Number of digits typed per visit (F(1,7)211.55,p = .01).There was ncsignificant effect of
radius ¢(1,7)=0.54).

1.0

Tracking time per visit (seconds)
0.5

0.0
\

Figure 2: Nunber of digits typed and tracking time

both per visit. Error bars depict standard errors. A CBRA Model of Tracking-while-Typing
The resultsshow that participants ada&pkttheir dualtask
Results behaviorto changes in the difficulty of the tracking task.

However, what these results do not show whether
participants weradoping astrategythat isoptimal in terms

of maximizing the expected payoff that could be achieved in
each condition To answer this question we developed a
cognitively bounded ratiohanalysis mode{Howes, et al.,
2009). This framework is particularly useful for comparing
the performance of alternative strategielowing strategies

to be discriminated based on the payoff achievEde
model developed here is inspired by our previous work in

We focus onperformance during the last five ditakk
trials of each experimental conditioms these reflect a
period during which the participant has htmie to adapt
behavior to the objective payoff function. A 2 (cursor npise
X 2 (target sizganalysis of variance (ANOVA) was used for
all statistical analysis with significancelevel of .05
Overall performance We first consider the effect of
varying aspects of théracking task on the time required to

complete the typing task and the maximum distance of thﬁeveloping models of aialing-while-driving duattask set

cursor from the center of the target circle in the trackianp(e g., Brumby, Salvucci, & Howes, 2007; Brumby, et al
task. It was found that trial time was significantly longer 459" Janssen & Brum,by in pr,essBo,th dualtask

‘1"{“;; there \;\f/%szsgrﬁater Ee' mhthe tracklnlg tas&il/[ :I ; environments share core characteristibst the current
17s, SD = 4.3%) than when there was a lower level of o differs i that it incorporates anexplicit payoff

noise in the trackilng tas(lMlz 7|.5187SDh: 2'?]05)' F(l’. 7)h: function against which various dushsk interleaving
15'0k7.’p < 'O}(‘V\-’r rlaswel;e a};o_ Olgggg %?)t _etjrg]zt I?ht € strategies can be evaluateth the next section, we use a
tracking taskwas smaltr (M = 10.5%, = 4.01s) than model to determine whether people were selecting strategies

when it wadarge (M = 8.8s,SD = 322s), F(1, 7) =11.84, o ) ;
h S : = that would maximize thdinancial payout that could be
p =.01.There was no significaimteraction,F(1, 7) = 0.22 O?Chieved in each condition.

In the tracking task we consider the maximum distance
the cursor from the center of the target over the course of g, qg| Development

trial. It was found that the cursor drifted more when there . i . lobi
was a higher level of nois@V = 9% pixels,SD = 15 pixels) Tracking Model The crucial question for developing a

thanwhen there was mwer level of noise(M = 61 pixels, model of_ the.tracl_dng tas_k was at vyhat angle participants
SD = 8 pixels),F(1,7)=33.42p < .00 There was no effect held the Joystlc_k given their current distance from thg center
of target sizeon the maximum distancéhat the cursor ©Of the targetFigure 3 shows the mean values for discrete
drifted over a trial(F(1,7) = 1.19,p = .31) nor was the bins of 5 pixels for the horizontal axdsertical data is
interaction effect significant(1,7) = 0.07). similar). We fitteda linear function (shown as a dotted line):
These differences in overall task performance between i
conditions are somewhat expected and unsurprising becau Angle =-0.01 * current distance from target
the artly reflect differences in the difficulty of the . i i )
tragkirf)g tgsk. We were far more interested in how this 1he joystick had a maximum angle o)1 Asin the
performancewas achieved We next consider the dutdsk ~ ©XPeriment the speed of the cursor isalculated by
interleaving strategy that was adopted in each condition. Multiplying the angle of the jstick with a value of 5
StrategiesTwo aspects dermine a strategy: (1) the number plxels. Speed is calculated once every 250 milliseconds of
of digits typed during each visit to the typing window and{racking, and the cursor position is updated every 20
(2) the amount of time spent in the tracking window perMiliseconds based on this peed value As in the



2 4 N the trigger and mssing the first key press minus single task
oN inter-keypress interval: 185 millisecorjds Noteworthy,
59 %@@ switch cost values are closettmsein ACT-R models(e.g.,
3 00 «% Borst, Taatgen, & Van Rijn, 201@nd in the Cognitively
29 S Bounded Rational Analysis driving models.
o o o StrategiesWe usedhis basicmodelto explore performance
;;—" i % o of a variety of strategies. A strategy is determined by the
! 2 % number of digits that are typed in sequence duaingit to
o | O the target window. Weonsideronly a sulset of twenty
: ‘ ‘ ‘ simple strategies that placed a consistent number of digits
-200 0 100 200 during each visi{between 1 and 20yith the exception of

Horizontal Dist F Cent .. . . e ..
orizonia’ Bistance From Gener the last visit dung which the remaining digits were placed

(e.g., strategy #rack-6-track-6-track2, but not étrack-4-
track-6-track-4). In addition, for each visit to th&acking

experiment, the cursor could only be controlled when thd2Sk more or less time can be speon tracking We
tracking window was open. The total time spent tracking irpyStematically explored performancer fmodels that spent
duattask was varied as part of the strategy (see below). ~Petween 250 to 3000 milliseconds on trackiging each
Typing Model To model the typing task witted model visit to the track!ng wm_dovvusmg steps of 250 milliseconds
perfomance tchumansingletask typingperformance data (ie., 12 alternatl_ves)rhls gave a total of 220 x 12D11)
The time taken to type a digit (260 milliseconds) is identicaPtrategy glter_natlves._ . L
to the mean intekeypressiterval measured in singtask. . 1€ objective functiorfor rating performances similar as
Dual-Task Model The dualtask model works as followed. N the experimenwith the exception thahe model does not
The model starts of Wi typing a series of digits (the length make typing errors. For each strategy alternative 100 runs
of which is varied as a strategyjor switching between Were performedMean performance is reported.
typing and tracking a switch cost of 250 milliseconds is
incurred, based on experimental data (time between last k odel Results
press and pressing the trigger on the sfmk: 247 The first questionof interestwas whetherthe model
milliseconds). The model then tracks the cursor for avould fit the experimental dataln particular, if we
designated amount of time (varied between runs as lardcode atrategy that types the same number of digits per
strategy aspect). When it switches back to typing, a switcHisit and spends about the same amount of tiaekingas
cost of 180 milliseconds iscurred (time between releasing participants did in each condition (with both measures lying
within two standard errors of human means), does this then

Figure 3: Angle of the joystick as a function of distar
from the target. The dashed line shows a fitted functis
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Figure 4: Maximum deviation versus predicted payoff per trial for the ten best (black crosses), and other strateg
crosses) per condition. Human results are shown as circles with standard error. The dotted line shows thentdaiget



result in similar total trial time and maximum deviation  performing models lie on the outer edge (left side, and
each experimental condition (again with performance withirbottom side) of the stratggpace: the tradeff curve That
two standard errors of the me@rhis is important so as to is, the best strategies maka aptimal tradeoff between
know that we have a reasomalzalibration of the modelOs performance on the two tasks. Furthermore, thétiposof
performance relative to the human data. This was the casethe optimum strategies is atlffferent section (e.g., top left,
Given that we can be confident that the model isor bottom right)of this curvefor each condition.The model
reasonably calibrated to the human data on the observésl essential for this assessment, as traditional POCs cannot
strategy we can now use the model to evaluate the payofpredict optimal regions by themselves.
achieved by different (unobserved) dtakk interleaving Human data agairids in the region of optimumayoff
strategiesFigure 4 shows a plot dhe average maximum for three out of four condition€nly in the low noise large
deviation versupayoff. We plotted theéen highest scoring target condition could participants have scored better by
strategies with black crosses, and the other strategies witipending less time on the tracking taskcieasing
gray crosses. In eachondition there is a strong peak, maximum deviation, but decreasing trial timén all other
though the shape of the distribution of scores differsonditions, he modeillustrates thaparticipantsmadegood
between experimental conditiongn three out of four performancéaradeoffsto optimize theipayoff.
conditions he human data (black circles) lies in the region
of maximum deviations that can achieve tihéghest General Discussion

performance. In each figurea ve_rtical line shqws the In this paper wehave presented an experiment and a
bou_ndary of .thetarge.t_Note that in the low noise, Iarge. model of a trackingvhile-typing duaitask setup A good
radius condition participants could have let the cursor driffgaqre of the task environment, in which participants need
moreto improwe their scoreslightly (theywould never cross 4 rack a cursor and type in digits, is that it translates
the targetboundary). e to space limitations, we omitted a e formance on both tasks into a single performance score.
plot of total time data versus scptle pattern is similar Due to this feature we were able to move beyond
Traditionally, differences in dudask performance aré ,pseryations that participantadieoff performance in tasks,
plo.tted in Performance Operating Charaptenstms (PQ@S) as done in classical duiisk researcifNavon & Gopher,
which performance on one measoretaskis shown against 1979- Norman & Bobrow 1975nd in research on dual
performance onthe other measurer task (Navon & a5k driving behavior(e.g., Janssen & Brumby, in press)

Gophey 1979; Norman & Bobrow, 1975)n Figure 5 we  here we were able to demorae that participants mostly
show the PO total time and maximum deviatidor the  54eperformance tradeffs in an optimal manner, so as to

model and human datdZhe ten best performing strategy ,4ximize pay-off (cf. Howes et al., 2009)

alternativesareagain plotted with black crosses. There are a These claims are possible because of the use of a payoff
couple of interesting aspects tttesegrapts. First, the best
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Figure 5: POCs of model performances for the ten best (black crosses), and other strategies (gray crosses) pe!
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function that explicitly describes how participants ought toBrumby, D. P., Salvucci, D. D., & Howes, A. (2009). Focus
tradeperformance on each task to gain paymé&he goal of on driving: How cognitive constraints shape the
this paper is not to argue that objective functions are the adaptation of strategy when dialing while driving. In
most prevalent aspect of performance in the real world. Proceedings of the SIGCHI Conference on Human
However, they make it possible to quantify how good Factors in Computing Systems (pp. 16291638).
performance is. This contrasts Wwiprevious work where Gopher, D. (1993). The skill of attention control:
verbal instructions on how to trade performance on each Acquisition and execution of attention strategies. In
task is given(e.g., Gopher, 1993; Horrey, Wickens, & Attention and performance XIV (pp. 29¥822).
Consalus, 2006; Levy & Pashler, 2008pr where Cambridge, MA: MIT Press.
performance is sensitivéo a chang in payment(e.g., Hornof, A. J., Zhang, Y., & Halverson, T. (2010). Knowing
Wang, et al., 2007)In contrast, we can defineptimal where and when to look in a timgritical multimodel dual
performancen terms of maxirizing payoff. task. In Proceedings of the SIGCHI Conference on
There was however one condition (tleev noise, large Human Factors in Computing Systems.
target condition) in whiclparticipants did notaximize the Horrey, W. J., Wickens, C. D., & Consalus, K. P. (2006).
payoff that was achieved. In this condition, participants Modeling drivers' visual attention allocation while
could have typed albf the digits in one sequence.€., interacting with invehicle technologies.Journal of
without multitasking) to receivea slightly higherpayoff Experimental Psychology: Applied, 12, 67-78.
than was actually observedwo possible explanatiorfer Howes, A., Lewis, R. L., & Vera, A. (2009). Rational
suboptimal performance athat participantsoverestimated adaptation under task and processing constraints:
the danger of the cursor crossing the boundary (which Implications for testing theories of cognition and action.
would give a severe penalty), or theerebiased to switch Psychological Review, 116, 717751
between the two taskéwhich is necessaryn the other Janssen, C. P., & Brumby, D. P. (in press). Strategic

conditiong. In this sense, participants not alwagapttheir adaptation to performance objectives in a daak
behavior to maximize the paydffinction. Further research setting.Cognitive Science.
is required to investigate such biases. Janssen, C. P., Brumby, D. P., & Garnett, R. (2010). Natural

The model was developed with a minimal set of break points: Utilizing mair cues when multitaskindn
assumptions. This was already enough to demondtrate Proceedings of the 54th annual meeting of the Human
peoplemostly adaptperformanceto an objective function. Factors and Ergonomics Society. San Francisco, CA,
Further research can investigate how people adapt their USA: Human Factors and Ergonomics Society.
behavior to different payoff functions, which, farstance, Kieras, D. E., Meyer, D. E., Ballas, J. A., & Lauber, E. J.
give greater weight to performance on one of the two tasks. (2000). Modern compational perspectives on executive
Also, the model of the typing task might be refined to mental processes and cognitive toh Where to from
predict typing errors, and to predict the effect of the here? Indttention and performance XVIII (pp. 681712).
different times needed to type repeating digits versus non Cambridge, MA: MIT Press.
repeating digitgcf. Janssen, Brumby, & Garnett, 2018y  Lallement, Y., & John, B. (1998). Cognitive architecture
a different level of analysis, the role of eymvements can and modeling idiom: An examation of three models of
be consideredo explore a wider variety of strategiéd. the wickens taskProceedings of the twentieth annual
Hornof, et al., 201Q)such as strategies in which some visits conference of the Cognitive Science Society, 597-602.
to the typing task window are only spent on studying, and.evy, J., & Pashler, H. (2008). Task prioritisation in
not typing digits. multitasking during driving: Opportunity to abort a

concurrent taskdloes not insulate braking responses from
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