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Abstract. In this paper we discuss our work on plan management in
the Autominder cognitive orthotic system. Autominder is being designed
as part of an initiative on the development of robotic assistants for the
elderly. Autominder stores and updates user plans, tracks their execution
via input from robot sensors, and provides carefully chosen and timed
reminders of the activities to be performed. It will eventually also learn
the typical behavior of the user with regard to the execution of these
plans. A central component of Autominder is its Plan Manager (PM),
which is responsible for the temporal reasoning involved in updating
plans and tracking their execution. The PM models plan update problems
as disjunctive temporal problems (DTPs) and uses the Epilitis DTP-
solving system to handle them. We describe the plan representations and
algorithms used by the Plan Manager, and briefly discuss its connections
with the rest of the system.

1 Introduction

In this paper we discuss our work on plan management in the Autominder cog-
nitive orthotic system. Autominder is being designed as part of the Initiative on
Personal Robotic Assistants for the Elderly (Nursebot)[15], a multi-university
collaborative project aimed at investigations of robotic technology for the el-
derly. The initial focus of this initiative is the design of an autonomous robot,
currently called Pearl, that will “live” in the home of an elderly person. Au-
tominder stores and updates plans representing the activities that the elderly
client is expected to perform, tracks their execution via sensor input from the
robot, learns the typical behavior of the client with regard to the execution of
these plans, and provides carefully chosen and timed reminders for the activities
to be performed.4

4 The learning component is not yet implemented.
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A central component of Autominder, is its Plan Manager (PM), which is
responsible for the temporal reasoning involved in updating plans and track-
ing their execution. The PM must be able to reason about complex temporal
constraints. For example, the client’s plan may specify constraints on when she
should eat meals, e.g., that they should be spaced four hours apart. Thus, when
the client wakes up and eats her first meal, Autominder must propagate this in-
formation to update the times for lunch and dinner. Adjustments may also need
to be made to the timing constraints on other activities, such as taking medicine.
Notice that the adjustments in the plan may be rather complex: for instance, if
the new scheduled time for lunch conflicts with a recreational activity, such as
a visit to a neighbor, it may be necessary to reschedule the visit.

Autominder’s PM extends our earlier work in which we developed a prototype
plan manager for an intelligent personal calendaring tool, called PMA (the Plan
Management Agent) [20]. The goal of PMA is to allow a user to manage a
complex schedule of tasks by checking whether new tasks conflict with existing
ones, suggesting ways of resolving conflicts that are detected, and providing
reminders to the user at the time at which an activity must be executed. The
PM in Autominder extends PMA in two ways:

– It allows more expressive plan representations, notably supporting arbitrary
disjunctive temporal constraints; and

– It provides efficient algorithms for handling plans with this level of expres-
siveness. In fact, the algorithms have been shown to be two orders of mag-
nitude faster on a range of benchmark problems [24].

Additionally, we have added an execution monitor to Autominder that was not
present in PMA, and we have separated out the reminding task into a distinct
module that performs more detailed reasoning about the appropriateness of al-
ternative reminders.

This paper focuses on Autominder’s plan manager. In the next section, we
describe our plan representation, showing how it supports richer set of tempo-
ral constraints between activities than most alternative representations. Section
3 describes the algorithms used by the plan manager to perform plan update
at execution time, while Section 4 discusses the underlying reasoning system,
Epilitis. Section 5 relates the plan manager to the larger Autominder system
and Section 6 briefly describes the robot platform (Nursebot) that Autominder
is designed to run on. Finally, the remainder of the paper discusses related and
future work.

2 Plan Representation

The PM uses a library of plans that represent the structure of activities that the
client typically performs. In our current Autominder domain these activities in-
clude taking medicine correctly, eating, drinking water, toileting, taking care of
personal hygiene, performing physical exercises (e.g., “Kegel” bladder exercises),
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performing self-examinations (e.g., foot exams by diabetics), engaging in recre-
ational activities (e.g., watching television, attending a Bingo game), and going
to doctors’ and dentists’ appointments. Many of these activities are modeled
as being decomposable into more primitive activities. For instance, a doctor’s
appointment consists of making the appointment beforehand, arranging trans-
portation, confirming the visit before leaving, going to the doctor’s office, and
scheduling a follow-up visit. Essentially, each high-level action corresponds to a
complete partial-order plan with steps, causal links, and temporal constraints;
however, as we describe below, the set of constraints we allow is much richer
than that of most partial order planners.

At initialization the caregiver supplies Autominder with a typical daily plan
of activities. Information need only be provided about “top-level” activities,
e.g., a doctor’s appointment; the entire plan for that activity, including all the
steps (e.g., arranging transportation for the appointment) and constraints, is
then loaded from the plan library and inserted into the client’s overall daily
plan. Two points should be made about plan initialization. First, while the plan
library may provide default temporal constraints, the user has complete control
over these, and can specify start times and durations for all activities. Second,
additional activities can later be added, either as a one-time event (e.g., a visit
from a relative) or a recurrent activity (e.g., attending a weekly Bingo game).
The plan developed at initialization acts as a template for daily activities, not
an absolute schedule.

The plan manager supports a rich set of temporal constraints: for example, we
can express that the client should take a medication within 15 minutes of waking,
and then eat breakfast between 1 and 2 hours later. Importantly, as indicated
above, the time constraints can be flexible: fixed, rigid times do not need to be
assigned to each activity. Instead, the plan may specify that an activity must be
performed without specifying the exact time at which it should occur, or that a
particular goal must be achieved without specifying what plan the client should
use to achieve that goal. Figure 1 shows the types of temporal constraints that
can be specified.

1 Earliest Start Time
2 Latest Start Time
3 Earliest End Time
4 Latest End Time
5 Minimum Duration
6 Maximum Duration
7 Minimum Period of Separation between Activities
8 Maximum Period of Separation between Activities

Fig. 1. Temporal Constraints for an Activity

To achieve this flexibility, we model client plans as Disjunctive Temporal
Problems (DTP) [17, 22, 24]. A DTP is an expressive framework for temporal rea-
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soning problems that extends the well-known Simple Temporal Problem (STP)
[6] by allowing disjunctions, and the Temporal Constraint Satisfaction Problem
(TCSP) [ibid.] by removing restrictions on the allowable disjunctions. DTPs are
represented as a set of variables and a set of disjunctive constraints between
members of this set. Formally, a DTP is defined to be a pair <V, C >, where

– V is a set of variables (or nodes) whose domains are the real numbers, and
– C is a set of disjunctive constraints of the form:

Ci : x1−y1≤ b1 ∨ . . . ∨ xn−yn≤ bn, such that xi are yi are both members
of V , and bi is a real number.5

In the PM, we assign a pair of DTP variables to each activity in the client’s
plan: one variable represents the start time of the activity, while the other repre-
sents its end time. We can easily encode a variety of typical planning constraints,
including absolute times of events, relative times of events, and event durations,
and can also express ranges for each of these. Figure 2 shows some of these re-
lations between two activities, si and sj . A simple example is shown in Figure
3 where we represent information about two activities, toileting and watching
TV. Note that to express a clock-time constraint, e.g., TV watching beginning
at 8:00am, we use a temporal reference point (TR), a distinguished value repre-
senting some fixed clock time. In Autominder the TR corresponds to midnight.

To express: Use:

si precedes sj end(si) - start(sj) ≤ 0

si begins at 9am, Monday ref - start(si) ≤ -9 ∧ start(si) - ref ≤ 9
(assuming ref is 12am on Monday)

si lasts between 2 and 3 hours end(si) - start(si) ≤ 3 ∧ start(si) - end(si) ≤
-2

si occurs more than 48 hours be-
fore sj

end(si) - start(sj) ≤ -48

Fig. 2. Temporal constraint representations

3 Plan Updates

The primary job of the Plan Manager is to maintain an up-to-date model of the
plan activities that the user should execute. Updates occur in response to four
types of events:

The addition of a new activity to the plan. During the course of the day,
the client and/or his or her caregivers may want to make additions to the
plan: for instance, to attend a Bingo game or a newly scheduled doctor’s

5 As is customary in the literature, in this paper we will assume without loss of gen-
erality that bi is an integer.
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“Toileting should begin between 11:00 and 11:15.”
660 ≤ ToiletingS − TR ≤ 675

“Toileting takes between 1 and 3 minutes.”
1 ≤ ToiletingE − ToiletingS ≤ 3

“Watching the TV news can begin at 8:00 or 11:00.”
480 ≤ WatchNewsS − TR ≤ 482∨
660 ≤ WatchNewsS − TR ≤ 662

“The news takes exactly 30 minutes.”
30 ≤ WatchNewsE − WatchNewsS ≤ 30

“Toileting and watching the news cannot overlap.”
0 ≤ WatchNewsS − ToiletingE ≤ ∞∨
0 ≤ ToiletingS − WatchNewsE ≤ ∞

Fig. 3. Examples of the use of DTP Constraints

appointment. At this point, plan merging must be performed to ensure that
the constraints on the new activity are consistent with the other constraints
in the existing plan.

The modification or deletion of an activity in the plan. Plan merging must
also occur in the case of activity modification or deletion. Note that the
PM will add or tighten constraints if needed, but will not “roll back” (i.e.,
weaken) any constraints. For instance, if the bounds on eating lunch are
constrained to allow for an appointment, but the appointment is later re-
tracted, the bounds on lunch will not be changed to allow for more time.
More sophisticated plan retraction is an area of future research.

The execution of an activity in the plan. It is important for the PM to
respond to the execution of activities in the plan. Information about activ-
ity execution is provided by another component of Autominder, the Client
Modeler (CM). The CM is tasked with monitoring plan execution. It re-
ceives reports of the robot’s sensor readings, for instance when the client
moves from one room to another, and uses that to infer the probability that
particular steps in the client plan have been executed; it can also issue ques-
tions to the client for confirmation about whether a step has been executed.
When the CM believes with probability exceeding some threshold that a
given step has begun or ended, it passes this information on to the PM. The
PM can then update the client plan accordingly.

The passage of a time boundary in the plan. Finally, just as the execu-
tion of a plan step may necessitate plan update, so may the non-execution
of a plan step. Consider our example in Figure 3, where the client wants to
watch the news on television each day, either from 8:00-8:30 a.m. or from
11:00-11:30 p.m. At 8:00am (or a few minutes after), if the client has not
begun watching the news, then the PM should update the plan to ensure
that the 11:00-11:30 slot is reserved for that purpose.

To perform plan update in each of these cases, the PM formulates and solves
a disjunctive temporal problem (DTP). Detailed explanations of the updates
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performed in each of these four cases can be found in [19]. Here we just sketch
the approach taken for the first case, when a new activity is added to the plan.
In that case, the PM performs plan merging, a process that can be decomposed
into the following steps:

1. creating DTP encodings of the existing plan and the new activity;
2. identifying potential conflicts introduced by the plan change;
3. creating a DTP that includes all the possible alternative resolutions of the

conflicts; and finally
4. attempting to solve a DTP that combines the encodings in (1) and in (3).

Fig. 4. Resolving temporal conflicts

Because we are using the DTP representation, we can model the traditional
conflict resolution techniques (promotion and demotion) with a single constraint,
as illustrated in Figure 4a: either A must be before B or B must be before A.
But the use of DTPs also allows us to handle quantitative temporal constraints.
In Figure 4b we illustrate an action A that achieves condition R for action C;
we also include another action B that threatens the causal link from A to C.
The DTP constraint that captures the alternative resolutions of this threat is
BE −AS ≤ 0∨CE −BS ≤ 0. However, suppose further that action B must end
by 2pm and action C by 5pm. It is then clear that only the first disjunct of the
threat resolution constraint is satisfiable, and this is precisely what a DTP-solver
would find. While this is a very simple example, in general the PM handles large
sets of complex disjunctive constraints.

Clearly, solving DTPs is a central part of what the PM does. In the PM, we
use the using the Epilitis DTP solving system developed in our group [24, 25].
In the next section, we briefly describe DTP solving in general, and Epilitis in
particular.

4 Solving DTPs

As stated earlier, a DTP is an extension of a Simple Temporal Problem (STP)
[6]. Essentially, an STP is a DTP in which constraints must be simple inequalities
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without any disjunctions; i.e., each constraint in C takes the form x − y ≤ bxy.
This constraint represents the fact that y must occur no more than bxy time units
after x. Because an STP contains only binary constraints, it can be represented
with a weighted graph called a Simple Temporal Network (STN), in which an
edge (x, y) with weight b exists between two nodes iff there is a constraint (y−x ≤
bxy) ∈ C. Polynomial time algorithms can be used to compute the all-pairs
shortest path matrix, or distance array of the STN. A path p from node x to node
y imposes the following (induced) constraint: y − x ≤ ∑n

i=0 bpipi+1 where x = p0,
y = pn+1 and the rest pi are the nodes on the path p. The tightest (induced or
explicit) constraint between any nodes x and y is therefore given by the shortest
path connecting them, denoted by dxy, and called the distance between x and
y. The distance array for a particular STN is its all-pairs shortest-path matrix.
An STN is consistent if and only if for every node x, dxx ≥ 0, which means that
there are no negative cycles, something that can be computed in polynomial
time. Finding a solution to an STN is also a polynomial time computation.

A DTP can be viewed as encoding a collection of alternative STPs. To see
this, recall that each constraint in a DTP is a disjunction of one or more STP-
style inequalities. Let Cij be the jth disjunct of the ith constraint of the DTP. If
we select one disjunct Cij from each constraint Ci, the set of selected disjuncts
forms an STP, which we will call a component STP of a given DTP. It is easy
see that a DTP D is consistent if and only if it contains at least one consistent
component STP. Moreover, any solution to a consistent component STP of D
is also a solution to D itself. Because only polynomial time is required both to
check the consistency of an STP, and, if consistent, extract a solution to it, in
the remainder of this paper we will say that the solution of a given DTP is any
consistent component STP of it.

The computational complexity in DTP solving derives from fact that there
are exponentially many sets of selected disjuncts that may need to be consid-
ered; the challenge is to find ways to efficiently explore the space of disjunct
combinations. This has been done by casting the disjunct selection problem as a
constraint satisfaction processing (CSP) problem [22, 17] or a satisfiability (SAT)
problem [1]. Because the original DTP is itself a CSP problem, we will refer to
the component-STP extraction problem as the meta-CSP problem. The meta-
CSP contains one variable for each constraint Ci in the DTP. The domain of
Ci is the set of disjuncts in the original constraint Ci. The constraints in the
meta-CSP are not given explicitly, but must be inferred: an assignment satisfies
the meta-CSP constraints iff the assignment corresponds to a consistent com-
ponent STP. For instance, if the variable Ci is assigned the value x − y ≤ 5, it
would be inconsistent to extend that assignment so that some other variable Cj

is assigned the value y − x ≤ −6.

In Autominder, we use the Epilitis DTP solver developed in our research
group[24, 25]. Like prior DTP solvers [17, 21, 1], Epilitis does not attempt to
solve the DTP directly by searching for an assignment of integers to the time
points. Instead, it solves a meta-CSP problem: it attempts to find one disjunct
from each disjunctive constraint such that the set of all selected disjuncts forms a
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consistent STP. Epilitis can return an entire STP, which provides interval rather
than exact constraints on the time points in the plan. Consider an example of a
plan that involves taking medicine between 14:00 and 15:00, which is amended
with a plan to leave for a bridge game at 14:30. Epilitis will return a DTP that
constrains the medicine to be taken sometime between 14:00 and 14:30; it does
not have to assign a specific time (e.g., 14:10) to that action.

In general, there may be multiple solutions to a DTP, i.e., multiple consistent
STPs that can be extracted from the DTP. In the current version of Autominder,
the PM arbitrarily selects one of these (the first one it finds). If subsequent
execution is not consistent with the STP selected, then the DTP will attempt to
find an alternative consistent solution. A more principled approach would select
solutions in an order that provides the greatest execution flexibility. For example,
the solution that involves watching the 8:00 a.m. news leaves open the possibility
of instead watching the news at 11:00 a.m. However, if the first solution found
instead involved watching the later news show, then after an execution failure
there would be no way to recover, as it would be too late to watch the 8:00 a.m.
news. Unfortunately selecting DTP solutions to maximize flexibility is a difficult
problem [26].

Epilitis combines and extends previous approaches in DTP solving, in partic-
ular by adding no-good learning. As a result, it achieves a speed-up of two orders
of magnitude on a range of benchmark problems[24]. For our current Automin-
der scenarios, which typically involve about 30 actions, Epilitis nearly always
produces solutions in less than one second, a time that is well within the bounds
we require. Details of the Epilitis system can be found in [24, 25]).

5 Autominder

In the Autominder architecture (depicted in Figure 5), other important compo-
nents rely on as well as support the PM, notably, a Client Modeler (CM) and a
Personal Cognitive Orthotic (PCO). We briefly describe each of these in turn.

The Client Modeler is responsible for two tasks: (i) inferring what planned
activities the client has performed, given sensor data; and (ii) learning a model
of the client’s expected behavior. These tasks are synergistic, in that the client
model developed is used in the inference task, while the results of the inference
are used to update the model.

The client’s expected behavior is represented with a new formalism for tem-
poral reasoning under uncertainty, Quantitative Temporal Dynamic Bayes Nets
(QTDBNs) [4]. QTDBNs combine a simplified form of time nets with an aug-
mented form of Dynamic Bayes nets (DBN), thereby supporting reasoning about
changing conditions (fluents) in settings where there are quantitative constraints
amongst them. For the purposes of the current paper, it is sufficient to consider
the Dynamic Bayes net component, which represents all the client’s activities
for one day. The nodes in each time slice of the DBN are random variables rep-
resenting (i) the incoming sensor data (e.g., client has moved to kitchen); (ii)
the execution of planned activities (e.g., client has started breakfast); and (iii)
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Fig. 5. The Autominder Architecture

whether a reminder for each activity has already been issued. Initially, the model
is derived from the client plan by making two assumptions: first, that all activi-
ties in the plan will be executed by the client, without reminders, within the time
range specified in the plan, and second, that the actual time of an activity can
be described by a uniform probability density function over the range associated
with that activity. The CM uses sensor data and the current time to update the
model. Each time sensor data arrives, the CM performs Bayesian update. If a
node representing the execution of some activity execution node’s probability
rises above a threshold, the activity is believed to have occurred, and the CM
notifies the PM of the executed activity.

The Personalized Cognitive Orthotic (PCO) [11] uses information from the
Plan Manager and Client Modeler to decide what reminders to issue and when.
The PCO identifies those activities that may require reminders based on their
importance and their likelihood of being executed on time as determined by the
CM. It also determines the most effective times to issue each required reminder,
taking account of the expected client behavior and any preferences explicitly
provided by the client and the caregiver. Finally, the PCO is also designed to
enable the generation of justifications for reminders. In generating a justification
for a reminder, the PCO can make use of the underlying client plan, the current
reminder plan, and the preferences of the caregiver and the client.

The client and caregiver communicate with Autominder via a graphical user
interface (see Figure 6). On the right of the screen the client can view her daily
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Fig. 6. Autominder: Adding new activities to the daily plan
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activities, including the earliest and latest start times of each activity. Check-
boxes allow the client to directly communicate to the system that he or she
has completed an activity, rather than depending on sensor data to identify and
confirm this information. To add new activities and constraints at run time, the
client can use a drop-down menus. In this scenario, the caregiver is adding a
doctor’s appointment for 8 a.m. (see lower screen).

A prototype version of Autominder has been fully implemented in Java and
Lisp. It includes all of the components and most of the features described above;
however, the client model does not yet learn client behavior over time, and
the PCO does not yet handle preferences nor issue justifications for reminders.
An earlier version of the system was installed on the robot platform (Pearl),
and underwent field testing in June, 2001; we are currently in the process of
integrating our newer version on Pearl.

6 Nursebot

The Autominder cognitive orthotic is being developed as part of the Initiative on
Personal Robotic Assistants for the Elderly, a multi-university, multi-disciplinary
research effort conceived in 1998.6 The initial focus of the Initiative is to design
an autonomous mobile robot that can “live” in the home of an older individual,
and provide him or her with reminders about daily plans. To date, two prototype
robots have been designed and built by members of the initiative at Carnegie
Mellon. Pearl, the more recent of these robots, is depicted in Figure 7. Pearl is
built on a Nomadic Technologies Scout II robot, with a custom-designed and
manufactured “head”, and includes a differential drive system, two on-board
Pentium PCs, wireless Ethernet, SICK laser range finders, sonar sensors, mi-
crophones for speech recognition, speakers for speech synthesis, touch-sensitive
graphical displays, and stereo camera systems [2, 23, 18]. Members of the Ini-
tiative also have interests both in other ways in which mobile robots can assist
older people (e.g., telemedicine, data collection and surveillance, and physically
guiding people through their environments).

There are numerous reasons for embedding the Autominder system on a
robotic platform in the Nursebot project. First of all, although handheld systems
are popular, they are more likely to be lost or forgotten. Second, the cost of
developing a robotic assistant is less expensive than retrofitting a home. At
the same time, mobility is not lost since Pearl can navigate through the home.
Finally, the sensor capabilities of the robot allow for the monitoring of the client’s
action, thus providing integral information to the action inference engine.

7 Related Work

The large literature on workflow systems [9, 10, 16] is relevant to Autominder
since both systems are designed to guarantee that structured tasks are per-
6 In addition to the University of Michigan, the initiative includes researchers at the

University of Pittsburgh and Carnegie Mellon University.
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Fig. 7. Pearl: A Mobile Robot Platform for the Autominder Cognitive Orthotic. Photo
courtesy of Carnegie Mellon University.

formed by humans in a timely manner. The emphasis in workflow systems,
however, tends to be quite different from that in Autominder. Much of the
research on workflow systems focuses on the transfer of information between
people in an organization who are jointly responsible for carrying out the tasks,
and on the transformation of that information to enable its processing by dif-
ferent computer systems (interoperability). Workflow systems do not typically
provide capabilities for action inference, learning of behavior patterns, or so-
phisticated reasoning about reminders. However, recent efforts to integrate AI
planning technology with workflow tasks [7, 3] may lead to results that can be
integrated into Autominder.

The literature on cognitive orthotics for persons with cognitive deficits is rel-
evant to Autominder, but not described in detail here; see [5] for an overview.
Other work in plan management in the medical domain is being done by Miksch
et al.[12, 8]. In their work they are focusing on using planning techniques to re-
spond to the practical demands of planning to achieve clinical guidelines. They
use the Asbru representation language to check the temporal, clinical, and hier-
archical consistency of plans. While our application domain that of clients with
mild memory impairment, their work is geared towards assisting the caregivers.

Finally, we have already pointed to previous literature on DTPs [17, 22, 24].
The Autominder system also builds on prior work on the dispatch of disjunc-
tive plans [14, 27, 26]. This work has primarily been focused on plans that are
represented as STPs.

8 Conclusion

Execution-time plan management is essential to many systems in dynamic en-
vironments. We have described our work on plan management in the context of
Autominder, a planning and reminding system designed to aid elderly persons
with memory impairment. Autominder’s PM builds on our earlier work on plan
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management, providing the tools to store and update plans representing the ac-
tivities that the client is expected to perform. However, Autominder extends the
earlier work by providing significantly increased representational power, along
with highly efficient algorithms for handling expressive plans.

There are a number of areas of future work that we are pursuing. One of
the most important is extending the PM to handle uncontrollable events[13],
activities that are not under the client’s direct control, such as the time at
which deliveries are made. Another extension would support optional, prioritized
activities in plans. We are also developing better capabilities for plan revision. In
dynamic environments, plans may need to be revised in several circumstances:
(1) when a new goal to be adopted conflicts with existing plans; (2) when the
environment changes in ways that invalidate the existing plans; and (3) when the
client’s desires and/or preferences change in ways that affect the existing plans.
We are developing plan revision algorithms for plans that include expressive
temporal constraints of the kind handled by our PM; our algorithms aim to
make the minimal modifications required to ensure plan correctness in the face
of the kinds of changes just listed.
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