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Abstract

In many organizations, people are faced with the task of sdheduling meetings subject to
con icting time constrairts and preferences We are working towards multi-agent sdheduling
systemsin which eat personhas an ageri that negotiateswith other agens to sdedule
meetings. Sud agens needto model the scheduling preferencesof their usersin order to
make e ectiv e sheduling decisions.We considerthat a user'spreferencesver meetingtimes
are of two kinds: static time-of-day preferencesg.g., morning versusafternoon times; and
dynamic preferencesvhich changeas meetingsare addedto a calendar,e.g., preferencego
sthedule meetingsbadk-to-back (i.e. in succession).The dynamic nature of preferenceshas
beenunderstudiedin previouswork. In this paper, we presemn an algorithm that e ectively
learnsstatic time-of-day preferencesaswell astwo important classe®f dynamic preferences:

badk-to-back preferencesnd spread-outpreferencegi.e. preferencedor having gapsbetween
meetings).






1 Intro duction

In many organizationspeople nd meeting stheduling a time-consumingtask. Typically,
meetingsare sdheduled via the excdange of email and it can be dicult to nd mutually
satisfactory times (particularly when there are many participants). Furthermore, in some
casesxisting meetingsneedto be moved to accommalate new meetings. The deploymert of
multi-agent meeting sheduling systems,in which ead personhasan agert that negotiates
meeting times with other agerts, hasthe potertial to save computer userssigni cant time.
Two key hurdles needto be overcomebefore meeting stheduling agerts can be produced.
First, e ective methods for learning the complexpreferencesisershave about meetingtimes
are required. Second,we needmethods for negotiating meeting times between ageris that
satisfy users' preferencesand constraints, and operate e ciently. Both of these problems
have beenstudied before, but neither is yet well solved. The rst problem, learning user
preferencesis the focus of this paper.

Previous approadesto learning the meetingtime preferenceof users(discussedurther
in Section2) have a commondrawbad | they do not dealwith dynamic preferences.The
time preferencesof usersare dynamic, often changing as new meetings are added to the
calendar. Someaspectsof time preferencesre static, for instance,the generalpreferencefor
afternoon meetingsover morning meetings. Howewer, someonewho prefersafternoons may
occasionallyneedto sthedulea meetingin the morning. When this happens,sud a person
may be happy to have other new meetingssdeduledthat morning. A related and common
dynamic preferenceis the preferencefor having meetingsbad-to-back. Many people nd
they work best in large, uninterrupted blocks of time. As sud, they prefer to have their
meetingsbunched together, instead of spread-outover the day. Other peopledislike having
their meetingsin closesuccession.From both caseswe seethat a person'spreferences for
times can changeas meetings are addel to their calendars

We have deweloped a simple memory-basedapproad (described further in Section 3)
for selectingthe most probable times for a new meeting given the user'scurrert calendar.
We usechangesin the user'scalendar,in particular the sdeduling of new meetings,as our
training data. This data cortains noisefrom the perspective of learning a user'spreferences,
sincemeetingsin a user'scalendarare often stheduledaccordingto the preference®f all the
meeting participants, not just the userin question. Howewer, aswe discussfurther in Section
3, it is unlikely a deployed systemwill have accesdo better data. The implicit assumption
we are making, is that the most prokable times for a new meeting accordingto our learned
model, are a reasonableestimate of the most preferred times.

To ewvaluate our approad we have de ned a variety of di erent preferencepro les and
somesimple strategiesthat the ageris usefor negotiation. We have generateddata for our
learning algorithm by having a set of agens sdiedule meetingsaccordingto their prefer-
encesand the pre-de ned negotiation strategies. We test how successfullyour algorithm has
learned an agent's preferencedy stheduling meetingsaccordingto the learned preferences
and accordingto the true preferencesand then using the true preferencedo ewaluate the
resulting sdhedules. Our evaluation methodology is descriked further in Section4.

In Section5 we show that on averagethe sdedulesproducedby the learnedpreferences



are only 6% worsethan those produced by the true preferences.In Section 6 we conclude
and discusshow our approad can be extended.

2 Related Work

The Multi-Agent meeting sdheduling problem has beenmuch studied in the last ten years
e.g. [8, 12, 6] and morerecerily [10, 1, 5], howewer it is not yet satisfactorily solved. In this
sectionwe discussexisting approatesto learning a user'stime preferences.

Mitchell et al. [9] preset CAP, alearning apprertice designedo assista userin updating
their calendar. Each time the useraddsa meetingto her calendar(through CAP's structured
interface); CAP suggestsa duration, location, date and start time for the meeting. CAP's
suggestionsare either acceptedor corrected by the user and in this way training data is
continually created. CAP learnsdecisiontreesfor ead of the target concepts. Thesedecision
treesare then usedto make the suggestiongo the user. CAP usesa technique called Greedy
Attribute Selection[3] to decidewhich attributes to usein the decisiontrees. It is not clear
if the pool of attributes coversthe kind of dynamic preferenceswve are interestedin, in this
paper. Learning to predict the exact start time of a meeting appearsto be quite a hard
problem, and CAP adieves an averageaccuracyof just over 31% (basedon data from two
users). Using the samedata Blum [2] was able to achieve an accuracyof almost 60%, using
the Winnow algorithm. While this is a large improvemen, the level of accuracy given the
amourt of interaction with the user (the user explicitly acceptsor rejects everything CAP
does), is probably not high enoughfor this systemto be deployable.

Oh and Smith [11] take a statistical approad to learning static time-of-day preferences.
One nice feature of their approad is that the learning occurs through the agen passiely
observingthe userseduling meetingswith other participants. In orderto interpret how the
user'sactionsrelate to the user'spreferenceOh and Smith make a number of assumptions.
In particular they assumethat their agent canobsene and understandnegotiationsbetween
peopleabout meeting times, that all parties in the systemare aware of the organization's
hierarchy, and that eat one of these parties usesa speci ¢ negotiation strategy that gives
priority treatment to the preferencesof people higher in the hierarcny. Making these as-
sumptions allows Oh and Smith to learn static time preferenceswith good accuracy but it
restricts the immediate practical applicability of the learning algorithm.

Lin and Hsu [7] take a hierarchical decisiontree approad to learning a user'ssdeduling
criteria e.g. the times of day the userprefersand restrictions on how di erent activity types
can be orderedthroughout the day. The learneris provided with training data that setsout
the sdheduling criteria for di erent activities. Lin and Hsu's approad hasthe potertial to
represen a very rich classof userpreferencehowever it requiresvery detailed training data
that canonly be provided by the user. Also, Lin and Hsu state that for somecriteria more
than 1000training exampleswould be needed.

Kozierok and Maes[8] have designeda software agent with an interface through which
userscan schedule meetingswith others. The agen storesin its memory a situation, action
pair for every action taken by the user. This memory is usedto suggestthe appropriate



action to the userasthe needarises. Reinforcemen learning techniquesare also applied to
improve the model whenthe wrong action is suggested.The approad taken by Kozierok and
Maesessenally rolls the learning of preferencesnto the problem of learning how to act like
the user. This is an interesting approad, but the attributes that distinguish one situation
from another are hard-coded and it restricts the choice of group decisionmedanismin the
multi-agent systemto a particular type of negotiation approad.

The approatesdescriled either require a great deal of userinteraction, or very detailed
(and probably unattainable) training data. Furthermore the handling of dynamic time pref-
erenceshas been much understudied. Our approad is an attempt to addressthese two
points.

In this paper we showv that using only very limited training data, we can e ectively
sthedule meetingsfor a userwho has static and dynamic time-of-day preferences.

3 Learning Dynamic Time Preferences

In this section we descrike our method for capturing information about user preferences.
We alsointroduce a novel method for modeling the dynamic nature of user preferencesand
descrike how we can learn models of this form.

3.1 Capturing User Preference Information

In the previous section we descriked a number of approadesto collecting the sdeduling
preferencesf users. Mitchell et al. and Blum [9, 2] collectedinformation about the user's
preferencedy askingthe user. The userwasnot directly queried, rather they had to accept
or reject CAP's actions. Howewer CAP's task was simply to predict the time of a meeting,
not to negotiate with other ageris to nd a meetingtime. If we wereto query the userin a
negotiation setting we would require their participation unreasonablyoften.

Oh and Smith [11] proposedcapturing user preferencesy passiely observingthe user
negotiate meeting times with others. An assistam agert could obsene meetingssheduled
via e-mail, howewer with current natural languageprocessingtechnology it would be very
hard to reliably extract the necessaryinformation. A work around would be to require the
userto stheduleall their meetingsthrough a structured interfacethat the agen cortrols and
is thus able to interpret. Using sud an interface,the usercould negotiate meetingtimes via
e-mail while the agert obsened. The main di cult y with this approad is that usersmay
not be willing to usea new interface. Assistart ageris that work seamlesslywith existing
software are much more likely to be widely adopted.

We proposean approat wherely the user'spreferencanformation is captured by simply
observingthe changesin the user'selectronic calendar. Data of this form is easyto collect
and this approad allows usto assumeaslittle aspossibleabout how the userwill be willing
to sthedule their meetings. Using this approad we do not have to assumethe use of any
speci ¢ negotiation procedure. Furthermore, this approad allows usto capture the dynamic
aspects of the user'spreferences A possibledi cult y with this approad is that changesin



a user'scalendardepend not only on the preferencesf the user, but alsoon the preferences
of the peoplethe usermeetswith. Howewer, note that we have much the sameproblem with
data obtained from watching negotiations. On rst glanceit may seemthat the times a
userproposesfor meetings rst are their most preferredtimes. Howewer, the times proposed
might have beenselectedaccordingto who the useris planning to meet. For instance,when
a junior sta menber needsto meet with a seniorsta menber shemay o er times that
shethinks the senior menber will prefer. In this instance,the o ered times tell the ager
nothing about the junior sta memnber's time preferences.

In this paper we shov how capturing user preferencesdy observingchangesin the user's
calendarcan lead to e ective learnedmodels of dynamic user preferences.

3.2 Mo deling User Preferences

We are interested in being able to model dynamic preferences.We don't simply want to
represen a coarsemodel sud aswhethera userprefersmeetingsin the morning, or afternoon.
Rather we want to model what times a user preferssubject to her changing calendar. For
example,we want to be able to descrite user preferencedor having meetingsbad-to-back
or spreadapart.

We model a user'sdynamic time preferencesy placing probabilities on transitions be-
tweenpossiblestates of the user'scalendar. The currert state of the user's calendardeter-
minesthe statesof the calendarthat are readable through the addition of onenew meeting.
Moreover, someof thesereathable statesare more preferableaccordingto the user'sdynamic
preferenceshan others. We accour for these preferencesby placing probabilities on the
transitions.

Formally we model a user's preferencesover meeting times for a particular day using a
weighted-directed-acyclicgraph, P = (S;E) where:

e S is the set of all possiblestates of the user's day_calendar. day_calendar is a bit
vector, onebit for ead time slot in the user'scalendarfor a particular day of the week.
A onein atime slot indicatesthere is a meetingat this time and a zeroindicates the
time is free.

e Considers;s’c S, then (s;s%) € Ei we canget s®from s by adding one meeting. So
s? cortains exactly one more onebit than s and s® hasa onein ewery slot that s hasa
one.

e Ead edge(s;s?) € E hasa weighing corresmnding to the probability of transitioning
to s?from s.

In Figurelwe showv an examplegraph for a 4 time slot day wherethe userprefersto meet
at the rst time and the last time but alsohasa strong preferenceor having meetingsbadk-
to-badk. We have placed probabilities on someof the links in the exampleto demonstrate
this time-of-day and bad-to-badck preference.
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Figure 1: Example graph for four time slots

3.3 Learning the Mo del

We can usetraining data obtained from logging changesin the user'scalendarto learn the
transition probabilities in our model.
Let the training data T be a set of training instancepairs t; where:

e t; = {current day calendar;; new day_calendar, }

e new day_calendar is simply a calendar obtained by adding one extra meeting to
current day_calendar.

Training data of this form is very easyto collect. Each time a meetingis addedto the calendar
we simply record the current calendarcon guration and the new calendarcon guration.

Given a set of training data, we create the graph and then use the data to anno-
tate the graph in the following way. For ead training instance pair t; we locate the
current day_calendar; statein our graph andincremert the state'sfrequencycourt. Wethen
identify the edgethat connectscurrent day_calendar; with the state for new day_calendar;
and incremen its frequencycourt. Onceall the training exampleshave beenprocessedve
can easilyobtain the edgeprobabilities from the link and state frequencieshowever it is also
su cient to simply store the information asfrequencies.

3.4 Using the Mo del

When a new meeting needsto be sdeduled we usethe graph to rank the possibletimes,
accordingto their probability, as follows:

e We identify the state s correspnding to the currert state of the calendar.

e We then rank the successoistates of the currernt state, i.e. the states s° suc that
(s;89 € E. This correspndsto a ranking of the possibletimes.
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{ If the frequencycourt of s is 0 we rank the statess® accordingto their frequency

{ Otherwisewe rank the statess®accordingto the frequencieson the edgegq(s;sY <
E.

In this paper we considerday_calendars with 8 time slots. Each possibleday_calendar
is thus represeted as an eight bit sequence.In total there are 256 possiblebit sequences
and hence256 possiblecalendarcon gurations.

4 Exp erimen tal Setup

In order to evaluate our learning procedurewe have created somerealistic models of user
preferenceghat include dynamic and static elemens. To generatetraining data we log the
changesin an agert's calendarthat occur asthe agert sthedulesmeetingswith other agens
using a negotiation strategy and the true preferencemodel. On the basis of this training
data we produce a learned model of the agent's preferences.We then scedule a test set
of meetingsusing the true preferene model, the learned preferencemodel and a random
model. We comparethe performanceof the di erent preferencemodels by evaluating the
sthedulesthat result (accordingto the true preferences).n this way we are able to evaluate
the usefulnesof the learned preferencemodel.

4.1 Preference Mo dels
4.1.1 Dynamic Preference Mo del

We have designeda realistic model of user preferenceshat will form the true preference
model in our experimerts. We are interestedin whether our approad canlearn dynamic as
well as static componerts of preferences.As sud, our model of user preferencesncludesa
static time-of-day preference,a badk-to-badk preferenceand a spread-outpreference. For-
mally, we de ne a user'sutilit y for stheduling a meetingat time t, giventhe current calendar
cal asfollows.

u(t;cal) = «TOD(t) + *back— to — back— score(t; cal)
+ x spread— out — score(t; cal)

where:

e TOD (t) quanties how much the userlikeshaving meetingsat time t regardlessof the
current con guration of the calendar. We assignvaluesto times basedon the user's
preferencefor morning, mid-day and afternoons. For instance,if the agen's ranking
over time classi cations is morning, afternoon then middle of the day we assignt the
highest value whent is in the morning and the lowest whent is in the middle of the

day.



e back— to — back— score(t; cal) is 2 if the bit correspndingto t in cal hasa 1 on both
sides,1 if on onesidethereis a 1 and the other a 0, and O otherwise.

e spread— out — score(t; cal) is 2 if the bit correspnding to t in cal hasa 0 on both
sides,1 if thereis a 0 on oneside and a 1 on the other, and 0 otherwise.

e ; ;and areconstart weighings. In our experimerts > O = 0 andvice versa.

4.1.2 Random Preference Mo del

We alsoewaluate a random preferencemodel in orderto form a baselinefor comparison. The
selet random preferencemodel does not maintain a consistemh ranking of times. Instead,
eat time the preferencemodel is queried a random ordering of times is generated. We
note that if a single random ordering was selectedand usedthen we would no longer have
an e ective baselinesince performancecould be arbitrarily bad when using sud a model.
Furthermore, if we were to usea simple guessor heuristic to decidethe user's preferences
we could have the samedi cult y. For instance,if we guessedn the basisof a few examples
that the userliked mornings and spread-outmeetingsthen we could end up with very bad
performanceif these exampleswere misleading. Moreover, note that if we useda standard
learning algorithm sud as a decisiontree learnerto try and model the user's TOD pref-
erenceswe would get very poor performanceif the user had strong dynamic preferences.
The advantage of usingthe selet random model is that it forms a consistem baselineacross
di erent typesof userpreferences.

4.2 Negotiation Strategies

We have usedtwo negotiation strategiesin our experimerts. Each meetingto be negotiated
hasan initiator, alist of attendeesand a preferredday. In both negotiation strategiesagens
o er times for a meetingin order of preference.

4.2.1 O er-n-Negotiator

The negotiation strategy operatesin rounds, in ead round the initiator and the attendees
add more times to their original o er in seard of an intersection of available times. A
meetinginitiator running this strategy behavesaccordingto the following policy.

1. O er n available, previously un-o ered times for the speci ed day (or ascloseto n as
possible)to the attendees.

2. When a responsehas beenreceived from all attendeesin this round:

¢ If in negotiation mode, and there is an intersectionin o ered times, senda con-
rmation requestfor the best time in the intersection. Switch the meeting to
pending mode. Go to 2.

¢ If in negotiation mode, and there is no intersectiongo to 1.
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¢ If in pending mode, and all attendeesacceptedthe con rmation request,senda
con rmation messagend add the meetingto the calendar.

¢ If in pending mode, and one or more of the attendeesrejectedthe con rmation
request, cancelthe con rmation requestwith the attendees,switch the meeting
to negotiation mode and goto 1.

If in the above processthe initiator detectsthat no one (including the initiator) is o ering
newtimes for the day in question,the initiator switchesto requestingtimes for the next day.

An attendee agent using this strategy operates as follows when it receives a message
about a meeting:

1.
2.

If this is a new meeting erter negotiation mode for this meetingand goto 2.

If in negotiation mode for this meeting, and this messagés not a con rmation request,
o er n available, previously un-o ered, times (or ascloseas possible)on the requested

day.
If in negotiation mode and this messageas a con rmation request:

¢ if the time requestedis not pending for another meeting or now occupied by
another meeting send a messageto the initiator accepting the time and erter
pending mode

e otherwise,senda messageejecting the request.

If in pendingmodethis and messageancelghe con rmation request,move the meeting
to negotiation mode, go to 2.

If in pending mode and this messagas a nal con rmation add the meeting to the
calendar.

The O er-n-negotiator can represemh a wide range of negotiation behavior. It also cor-
responds to the kinds of strategiesthat have been proposedfor automated meeting time
negotiation e.g. in [12, 4].

4.2.2 Hold-Out-for-n-Negotiator

The medanics of this strategy are similar to those of the O er-n-Negotiator with the fol-
lowing exceptions:

1. The initiator and attendeesonly o er one newtime per negotiation round.

2. After o ering 2timesthe initiator "holdsout'. If the attendeesstop o ering newtimes,

the initiator proposesa new day.

3. An attendeewaits n rounds beforeo ering a time that is not in its top two choices.



4.3 Training Data

In our experimerts we usesix agens with varioustrue preference functions and rankings of
morning, middle-of-the-day and afternoon times. The meetingsusedfor the creation of the
training data and for the testing phaseare generatedrandomly. The day of the meetingis
chosenat random as well asthe initiator and the attendees.In any training or testing set,
the number meetingswith x participants is 2% x total no: meetings for x = 2:::5 and the
rest of the meetingsare of sizesix (i.e. all the ageris are participants).

4.3.1 The Training Pro cess

To generatethe training data for the learning algorithm we take a set of meetingsand a set
of agents. One of theseageris is assignedo be the learning ager, and every meetingin the
set involvesthis agern. The agens sdedule these meetingsusing the true preferencesand
one of the negotiation strategies. Sincethe training set is large, we reinitialize the agens'
calendarsto empty at various intervals e.g after 15 meetingshave beensdeduled. Every
time a meetingis addedto the learning agen's calendarwe add an exampleto our training
data consistingof the old and new calendarsfor that day. The learningalgorithm previously
descriked is then applied to the completeset of training examples.

4.4 Comparing Results

Our aim is to comparehow well an agert can shedulemeetingswith the learnedpreferences
versusthe true preferencesWe generatea large set of meetingsbetweenthe ageris for usein
testing. We sdedulethesemeetingswith the learning agen's true preferencesthe learned
preferencesand the selectrandom model. Sincethe set of meetingsfor testing is large, we
have to periodically reinitialize the agen's calendarsas we sdedule the meetings. Before
we reinitialize howewer, we record the state of the learning agert's calendar. Once all of
the meetingshave been sdeduled we take ead of these saved calendarsand evaluate the
calendar'sutilit y accordingto the true preferencesf the learning agen. Theseutilities are
averagedover all the calendarsto producethe averageutilit y scorefor the preferencemodel
in use. We then comparetheseaverageutilit y scores.

5 Results

Our resultsshaw that negotiatingwith the learnedpreference®n averageresultsin sdhedules
that are only marginally worsethan negotiating with the true preferences.

Figure 2 shows how the averageutilit y of the schedulesproduced by negotiating meet-
ings using the learned preferencedncreaseswith the number of training examples. In this
particular example ead agert was using the O er-n negotiation method with n = 2 to
sthedule 250 randomly generatedtest meetings. The true preferencef the learning agert
were for meetingslater rather than earlier in the day, with a strong preferencefor meetings
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Figure 2: Stheduledusing TOD and badk-to-badk preferencewith O er-n-negotiator

being scheduled badk-to-badk. The performanceobtained using the learned preferencesav-
eragedover the rst 30 training setsis only 2.9% worsethan that obtained using the true
preferences.Soewen for very small training setsthe algorithm is able to perform well.

Negotiating using the random preferencewas only 25% worsethan negotiating using the
true preferences.This is partly becauseno matter when the meeting is sdeduled, it still
yeilds someutilit y. The other reasonis that it is not just the learning ager's preferences
that determine the meetingtimes. If the agent was always able to get her favourite times
for meetingsthen by comparisonthe random model would perform much more poorly. Since
the agernt hasto negotiate the meeting times with other agers, the negative e ect of using
an imperfect model of user preferenceds limitted. The negotiation aspect also meansit is
possiblefor the useof the learnedmodel to sometimesoutperform the true model aswe see
in Figure 2. This is becauseit is possibleto sometimesnegotiate a better meeting time by
not o ering times in the exact order of true preference.

Figure 2 also demonstratesthat even having one training example helps the learned
model outperform the random model. We seealso that sometimesadding a new training
example degradesperformance. This can happen when the training exampleaddedis not
a good indicator of the true preferences.Misleading training examplescan occur because
sometimesthe only possibletimes for a meeting are times the user doesnot like. Howewver
on the whole our experimerts shav that adding training examplesimproves performance.

Figure 2 shows that we can learn badk-to-badk and time-of-day preferencese ectively
enoughto achieve good negotiation outcomes.In the next two Figureswe look at a harder
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Figure 3: Scheduledusing badk-to-back and TOD preferencesand Hold-Out negotiator

examplewherethe learning agern usesthe Hold-out-for-n negotiation procedurewith n = 3
while the other agens usethe O er-n negotiation procedurewith n = 3. The training
examplesproducedfrom sdieduling meetingsamongsttheseageris are better for the learning
ager in the sensethat the exampleswill more often demonstratemeetingsbeing sdheduled
at the agent's favored times. Howeer it alsomeansthat whenthe agen sdedulesmeetings
with the learnedpreferencesn the testing phasemis-ranked times are more costly sincethe
agert is likely to get the times it holds out for.

Figure 3 shows how the e ectivenessof the learned model increaseswith the number of
training examples,whenthe learning agert usesthe Hold-out-for-n negotiation method and
the other agens usethe O er-n method. In this gure the true preferencesf the learning
agern have both a badk-to-badk and time-of-day componert. It takeslongerfor the agert to
learn a good model in this case,howewer, the averagedi erence acrossall the training sets
betweenthe utilit y for the true model and the utilit y for the learned model is only 6%. So
ewven in this harder casethe learning model performswell. We note that the performance
of the learned model increasegapidly asthe number of training examplesincreasesdrom 1
to 50. Howewer the performanceatfter only 20 training examplesis already very reasonable.
This is important becauseit is desirablethat any deployed system be able to learn well
from very few examples.Furthermore, it meansthere is potertial for extendingthe classof
preferencesepreseted by the model while maintaing good performance.

Figure 4 demonstratesthat our approad alsoe ectively learnsthe preferencefor having
meetingsspread-out. The gure shows how the learnedmodel improveswith the number of
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Figure 4. Stheduledusing spread-outand TOD preferences

training exampleswhen the learning agert's true preferenceshave both a time-of-day and
a spread-outcomponert. The learned model performs almost as well as the true model
very quickly. If we averagethe dierence in utilit y over the rst 30 training setswe nd
that on averagethe learned model only performs 2.8% worsethan the true model. We get
better performancefor spread-outpreferenceghan for bad-to-back preferencesdecauseit
is possibleto scoresomepoints for satisfying spread-outpreferencessimply by not having
a full calendar. Howeer, to satisfy badk-to-back preferenceghe preferencemodels have to
causemeetingsto be sdeduledside-ky-side.

Figure 4 alsoshavs how sometimegperformancecandegradewith moretraining examples
if the newtraining examplesare misleading. The gure however demonstrateghat evertually
adding more training examplesreducesthe e ect of of the misleading examplesand the
performanceincreasesagain.

We have alsoexploredsomeof the parametersin our experimerts. We found that varying
the preferenceof the agerts, reinitializing the calendarsat di erent intervals and changing
the n parameterin the negotiation strategieshad little e ect on how well our algorithm
learned.
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6 Conclusions and Future Directions

We have introduced a method to capture, model and learn the dynamic scheduling prefer-
encesof users. Other methods for learning user preferenceshave assumedthe use of hard
(possibly impossible)to obtain data. Furthermore, the dynamic nature of user preferences
has beenlargely ignored. In this paper we have shovn how we can capture dynamic user
preferencedy simply logging changesin a user'scalendarand usethis data to learn e ec-
tive models. We have demonstratedthe e ectivenessof our approad by shaving that using
learned time-of-day, badk-to-badk and spread-out preferenceswe can negotiate sthedules
that are within 6% of what can be acheived using true preferences.

By shaving how dynamic user preferencesan e ectively be learnedfrom realistic train-
ing data, we have made good progresstowards the dewelopmen of deployable multi-agent
meeting stheduling systems. One aspect of user scheduling preferenceshat we have not
consideredin this paper is how the particular type of meeting being stheduled a ects the
user'stime preferences.For instance, someonemay prefer administrative meetingsin the
morning and work meetingsin the afternoon. The fact that using our model resultsin very
good performanceewen after only a small number of training examplesleadsusto beliewe it
can be extendedto e ectively cover this case.

We are also interested in studying users' negotiation preferences. This encompasses
problems sudh as learning who a user is preparedto sacri ce their sheduling preferences
for and whosemeetingsthey are preparedto move. Learning usernegotiation preferencess
likely to be a very challenging multi-agent learning problem given that any two ageris will
negotiate a meetingtime quite infrequertly.
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