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Abstract

Emma is a personalized calendar management assistant. It
integrates commercial calendaring tools with state-of-the-art
algorithms for scheduling, negotiation, and personalization.
Careful design is intended to produce a user experience that
reduces effort in day-to-day life. Designed to learn schedul-
ing preferences over time, Emma is in deployment at our or-
ganization. In this extended abstract we describe the motiva-
tion, design, deployment and evaluation of the Emma system.

Introduction
Ever received that email, “When are you available next
week?” Ever struggled to book a conference room with an
electronic reservation system? Ever wished there was a bet-
ter way of negotiating meetings than by email avalanche?

Emma is a personalized calendar management assistant.
Emma is designed to help its user handle email meeting re-
quests, reserve venues, and schedule events. It interfaces
with commercial enterprise calendaring platforms, and it op-
erates seamlessly with users who do not have Emma. Emma
is designed to learn scheduling preferences, adapting to its
user over time. The system is in initial deployment at our
organization.

Our work to develop Emma is part of the Personalized
Time Management (PTIME) thrust of the CALO project.
CALO (Cognitive Agent that Learns and Organizes) is a
large-scale effort to build an adaptive, interactive cognitive
assistant situated in the office environment (Myers et al.
2007). A CALO agent is designed to support its user in
various ways: project and task management, information or-
ganization, and meeting preparation and summarization.

Over several years we have explored the trade-offs be-
tween the competing forces of representation, reasoning,
personalization, and negotiation (Berry et al. 2005; 2006;
2007). These experiences led to two objectives for Emma.
First, learning from the numerous user studies in the litera-
ture (e.g., (Palen 1999; Weber and Yorke-Smith 2008)), we
want Emma to be of tangible value to its user. Emma should
make day-to-day time management more simple. Second,
learning from the difficulty of evaluating the efficacy of ma-
chine learning techniques, primarily due to lack of data, we
want the deployed Emma to collect significant data from the
user population. The first objective of a deployed, usable

Figure 1: Scheduling with Emma.

system supports the second objective of evaluating the ben-
efit of learning, which in turn helps us develop a more useful
and usable system.

At the core of Emma is a constraint-based scheduler.
Given a specification of a new event to be scheduled, in-
cluding desired time window, duration, location, and par-
ticipants, the scheduler generates a ranked set of candidate
options. It can consider moving existing events that belong
to the user: for instance, changing the location of a meet-
ing that the user has previously organized. Preferences arise
directly from the participants (e.g., “I prefer morning meet-
ings, except on Monday”), from the event request (“As near
to my office as possible”), and from Emma’s learned knowl-
edge (e.g., the user attaches more importance to the partic-
ipants than the location). Relaxed solutions must be con-
sidered in the case of an over-constrained problem (e.g., the
requested venue is not available within any of the requested
times). The scheduler reasons over the resulting set of hard
and soft constraints.

While both commercial (e.g., Microsoft Outlook and Ex-
change Server, Google Calendar) and open source (e.g., Ya-
hoo! Zimbra, Mozilla Sunbird) calendaring systems abound
to support centralized solutions within an institution, they
leave the task of choosing a meeting time up to the user, thus
avoiding the need to actively reason about constraints and
user preferences. As an advanced example, Meeting Maker
(PeopleCube, Inc. 2008) supports the user in selecting a time



Figure 2: Comparison of a typical meeting negotiation
process with Emma’s process.

by graphically depicting the availability of participants. The
strength of this and other group calendaring systems is inte-
gration with institutional workflow.

By contrast, Emma is a calendaring assistant (Mitchell et
al. 1994). Emma can be configured to work with any iCal-
compatible calendar server. It supports information gather-
ing, streamlines negotiation (acting as its user’s proxy where
authorized), and employs scheduling to propose options for
new events. Emma is designed to complement, not replace,
the user’s preferred calendar tools.

While prior academic research (e.g., (Mitchell et al. 1994;
Sen et al. 1997; Faulring and Myers 2005; Brzozowski et
al. 2006)) has looked at one or more of the three aspects
of representation (modelling and eliciting), personalization
(especially, learning), and reasoning (scheduling and nego-
tiation), the resulting systems have rarely sought to encom-
pass all three. The closest to the approach we have taken
are systems such as CMRadar (Modi et al. 2004). The
larger task of automated planning of one’s time and tasks
is addressed by systems such as SelfPlanner (Refanidis and
Alexiadis 2008).

Emma in Practice
Figure 1 shows schematically an interaction with Emma.
Emma elicits scheduling preferences (step 0); elicits an
event request (step 1); computes candidate schedules (pos-
sibly relaxations) in response to the request, and displays
a subset of the candidates to the user as options (step 2);
and accepts the user’s choice of the desired schedule option
(step 3). Based on which option the user chooses for each
request among the presented options, the learning module in
Emma updates the parameters of the preference model in-
stance (step 4). The updated model becomes the basis of
reasoning over candidate schedules for the next request.

Emma supports a variety of scheduling and calendaring
processes that we identified through user studies. Figure 2
compares a typical Emma process with common conven-
tion. Emma supports its user in quickly and efficiently
adding simple events to her calendar, manipulating events
on the calendar, and deriving information from the calendar
(e.g., availability) with minimal effort. Emma also serves
its user in more complex processes that involve coordinat-

ing groups of people, negotiating meeting times with busy,
over-constrained colleagues, rescheduling events, ensuring
resource availability, and booking resources.

Figure 3 shows the most common Emma interface. The
user invokes Emma by icon or by keyboard shortcut. She can
view and directly manipulate her calendar, schedule a new
event or reschedule an existing event, and pull up a sum-
mary of her availability. For the simple case of an event
that the user wishes to add to her calendar, she can simply
specify and add it; Emma suggests time and location if the
user does not have them in mind. For the complex case of
arranging an event where there is no ideal solution (an over-
constrained meeting request), Emma generates options and
helps the user weigh them.

Time management is an intensely personal undertaking,
and scheduling events varies between individuals. The best
solution for an over-constrained meeting request depends
on the user: one person prefers to reschedule an existing
meeting, another prefers times outside the specified window,
while still another prefers to omit a participant. An instant
messaging feature allows the user to request the opinions of
others; Emma automatically falls back to email for commu-
nication to and from individuals without Emma.

Architecture and System Design
Four main components compose Emma: the user interface
(UI), a calendar proxy, a constraint reasoner, and a commu-
nity of learners. Shown in Figure 3, the UI allows both re-
stricted natural language and direct manipulation.

Second, the calendar proxy provides a common connec-
tion between Emma and a variety of calendar servers. Cur-
rently, the proxy implements interfaces to Google Calendar,
Sun Calendar, and Yahoo! Zimbra. Emma can thus simul-
taneously manage calendars from multiple sources, which is
key for many of our users who maintain personal calendars
in addition to their work calendars.

Underlying the constraint reasoner and learners is a pref-
erence model. Three forces shape the model. First, it must
be expressive enough to capture the user’s preferences. Sec-
ond, it must be simple enough to allow efficient search for
preferred scheduling options. Third, it must be limited in the
number of parameters to be learned, given the importance of
learning quickly from a limited amount of user feedback.

The aim of the constraint reasoner in Emma is to gener-
ate scheduling options in response to new details and con-
straints entered by the user. For example, if the user enters
“next fri afternoon with Bart and Neil” in the UI, Emma’s
scheduler first constructs a set of soft constraints. The scope
of these constraints are temporal variables that represent the
start time and duration of the candidate event, and the ex-
isting events of the user and the requested participants. In
addition, discrete variables are created to model the location
of each event and the inclusion of each participant.

The soft constraints allow all aspects of the user’s request
to be relaxed by the scheduler in cases where the request
cannot be satisfied. The constraints form a Multi-Criteria
Disjunctive Temporal Problem with Preferences (Moffitt et
al. 2006); each constraint is assigned to one or more criteria:



Figure 3: Emma interface. LHS: event specification, current option, candidate options. RHS: calendar with relevant events and
preferences shown, and current option.

requested time window, existing event time, user preference,
and four other criteria that represent user-understandable di-
mensions in our preference model. The constraint reasoner
scores each schedule that it generates by aggregating the
level of satisfaction of the constraints for each criterion into
a single value. These values are in turn aggregated by means
of a Choquet integral with learned weights on each term in
that integral. Details of this scheme can be found elsewhere
(Berry et al. 2007).

Once a set of optimal — or near-optimal, in some cases
— scheduling options is found, a subset is selected for asyn-
chronous presentation to the user in the UI. At any time,
the user can select an option, or create options manually by
interacting with the calendar view. The set of options pre-
sented is chosen to balance three considerations: (1) pre-
ferred solutions according to the constraint reasoner’s solv-
ing, (2) minimal violation of the constraints (since the cur-
rent learned preference model may differ from the user’s
‘true’ model), and (3) overall diversity to stimulate the user’s
understanding of feasible options.

The final component is a community of learners. The
learners are given training instances by and queried by both
the UI and the constraint reasoner. Before searching for can-
didate scheduling options, the constraint reasoner queries
the schedule preference learner for the current instantiation

of the preference model. After the user selects an option, all
options are sent to the schedule preference learner as a train-
ing instance. Learning is therefore unobtrusive (obtaining
implicit feedback from the user’s normal working practice)
and online (learning continually). The user has the ability to
provide explicit feedback, for instance by rating an option.

A second learner predicts the importance of an event
based on features such as the participants, associated project
(if any), and category (if any). This learner is currently used
to provide suggested values for event importance. It also
serves as a feature for the event-acceptance learner, which
will provide default responses when the user is presented
with a meeting request from another user. A third learner
predicts which room or location is appropriate for an event.

Emma is implemented in Java. All components reside in
the same process but are fully independent, and can be in-
corporated or accessed by external components.

Design Process and Deployment
Emma’s design reflects the experiences gleaned with
PTIME. An iterative design process (Weber and Yorke-
Smith 2008) interleaved user studies, prototyping, interac-
tion design, and staged deployment.

The iterative deployment followed human-computer in-
teraction principles to evolve a system by evaluating both



the usability of the system and the efficacy of the learning
technology. Following initial design studies and cognitive
walkthroughs, we conducted a set of think-aloud user stud-
ies with an Emma prototype. After a further round of design,
a second set of user subjects attended a carefully controlled
training session, followed by the completion of standardized
questionnaires and a period of use under normal working
conditions.

The results of these two stages produced the version of the
system for general deployment within our organization. In
contrast to the resource-intensive CALO system as a whole,
Emma is a lightweight, stand-alone Java application. Im-
portant for adoption at our institution, Emma operates under
Windows and Mac OS.

Evaluation and Future Developments
The evaluation of Emma is aimed at assessing the two fac-
tors that drive the system’s development: usability and user
acceptance rate, and the performance of scheduling and
learning algorithms and overall efficacy of the system. The
deployed release includes extensive logging mechanisms for
continuous, automated collection of information on the use
of Emma, the performance of the constraint reasoning and
learning, and the response times for negotiation instances.
In addition, the user is periodically presented with a short,
optional questionnaire to collect information on user accep-
tance and perception. Data from this evaluation will be ana-
lyzed after 12 weeks of deployment.

Future enhancements to the system include extension to
the calendar proxy, dynamic reminder generation, more
complex and automated email-enabled interactions, and bet-
ter explanation of scheduling options to the user (Bresina
and Morris 2006). Other developments include refining
the adjustable autonomy capabilities to learn when an event
might be accepted or rejected on behalf of the user, when a
request for rating event options could be filled in automati-
cally, and when and to whom a message should be sent when
a meeting is overrunning or finishing early.

In the legacy of prior applications of AI in the time man-
agement domain, Emma retains the spirit of pioneering as-
sistive agents such as Calendar Apprentice (Mitchell et al.
1994). Scientifically, Emma is an investigation into machine
learning to inform scheduling. Pragmatically, Emma is an
assistant to make users’ day-to-day lives easier. We main-
tain that usability and UI design are prerequisites to enable
the behind-the-scenes scheduler. The positive response from
users to the initial deployment of Emma points to the bene-
fits of the appropriate infusion of scheduling in this domain.
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