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Abstract. Task models are essential components in many approaches to
user modelling because they provide the context with which to interpret,
predict, and respond to user behavior. The quality of such models is critical to their ability to support these functions. This paper describes work
on improving task models that are automatically acquired from demonstration. Modiﬁcations to a standard planning algorithm are described
and applied to an example learned task model, showing the utility of
incorporating plan-based reasoning into task learning systems.

1

Introduction and Related Work

Task models are essential components in many approaches to user modelling
because they provide the context with which to interpret, predict, and respond
to user behavior. Intelligent tutoring systems (e.g. [1]) need to model the tasks
that trainees will perform so that they can determine ﬂawed behavior in order to
oﬀer timely and appropriate remediation. Systems that adapt content to users
(e.g. [2]) must understand the tasks that the user is trying to perform in order
to provide appropriate content when it is needed. Plan recognition approaches
(e.g. [3]) attempt to explain and predict behavior by constructing explanations
that are consistent with task models and prior observation. The quality of the
underlying task models determines their ability to support the interpretation,
prediction, and response functions mentioned above. This paper describes work
that improves the detail and accuracy of task models that have been learned
from demonstration.
Typically task models are painstakingly constructed by hand for each domain,
a diﬃcult task in its own right and one complicated by the fact that domains are
often incompletely or inaccurately speciﬁed through knowledge engineering. This
paper describes work based on the Procedure Learning On the Web (PLOW)
system ([4]), which continues a recent trend of automatic task model acquisition.
Some previous machine learning methods (e.g. [5]) use version spaces to represent
demonstration ambiguity and require multiple training examples to eliminate it.
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Non-version space approaches (e.g. [6]) face similar diﬃculties; multiple examples
are required to generalize from speciﬁc examples to a level that captures the
essence of the training examples. In contrast, the PLOW system requires only a
single demonstration to learn a task model because it leverages natural language.
A play by play task description given as it is demonstrated provides three key
types of information unrecoverable by observation alone: task parameterization
information, sub-task structure, and semantic annotation for observed action.
In addition to their primary role in task execution, PLOW’s task models can
also serve as the basis for various user modelling techniques. This paper describes
a mechanism for improving task models to better support those roles. Speciﬁcally, this mechanism discovers missing precondition and eﬀect information in the
task representations and relaxes the implicit total order on task steps that arises
from a sequential demonstration. The Diligent system ([7]) recovered similar information through a simulated experimentation approach, but the plan based approach yields ﬁner grained detail when primitive task models are known a priori.
Section 2 describes the method by which missing information is recovered from
models learned by PLOW, and Sect. 3 provides a brief example of this method.

2

Improving Learned Task Models

This section describes a mechanism for improving task model quality and thus
ability to support user modelling functions. Each PLOW task model is translated into a specially crafted planning domain and then analyzed by a modiﬁed
Graphplan [8] algorithm which recovers missing information about necessary
task preconditions, eﬀects, and order constraints. This process is a recursive
one; improved task models are used in the analysis of higher level task models.
The constants, initial facts, goals, and operators of a specially crafted planning domain are extracted from each (sub-)task model. The planning domain
constants come from a task model’s constants and parameters. Task model parameters are treated as constants because this analysis never considers a particular parameterized instance; no values are ever assigned to the parameters during
reasoning. Task model constants and parameters typically result from spoken
and web browser interaction (e.g. typing “http://www.nytimes.com/” into an
instrumented web browser or saying “Put the title of the book here”).
The planning domain initial facts come from task model preconditions. Essentially, the reasoning algorithm assumes that the task model preconditions
are true, and attempts to construct plans that achieve its goals by using the
steps speciﬁed in the task. Accordingly, the eﬀects and the steps of a task model
are formulated as planning domain goals. Treating the steps as goals forces the
planner to consider only plans that include those steps.
The operators of the planning domain are summaries of the task models that
the system knows about. Speciﬁcally, those task models that achieve one or more
steps of the task being analyzed are included as domain operators. Operator
deﬁnitions take task parameters, preconditions, and eﬀects to be their variables,
preconditions, and eﬀects, respectively.
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Fig. 1. Task models for (a) requesting the purchase of a best-selling non-ﬁction book
and its sub-task (b) extracting the author name from a web page, before and after
analysis

The resulting planning domain represents the basic constraints of the task
model: that the speciﬁed steps occur and that the necessary eﬀects hold after
task completion when the task preconditions are assumed to be true.
The planning algorithm takes as input standard type, initial condition, goal,
and operator descriptions derived from task models as described above. Extensions to the original Graphplan algorithm infer missing information about
preconditions, eﬀects, and operator order, as well as rate the quality of each
solution. The plan graph of Fig. 2 depicts the minimum cost solution for the
author name extraction sub-task of Fig. 1-b; it will be used to illustrate the
extensions described below.
The algorithm ﬁrst augments the planning domain’s initial facts to include all
facts that enable sub-step achieving operators. This operation guarantees that
all of the task sub-steps are achievable, but possibly at the expense of domain
integrity. For example, Fig. 2 shows that the additional preconditions (shaded)
enable a text selection action in the ﬁrst time step, despite the fact that it should
occur after the object ﬁnding action.
The second extension modiﬁes the search algorithm to terminate once an
acceptable set of solutions has been found or it can be guaranteed that none
will ever be found. Intuitively, invalid solutions that are enabled by augmenting
the initial preconditions should be pruned; the search algorithm assigns a cost
to each solution based on the number of abductive preconditions that it uses, and
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Fig. 2. A plan graph corresponding to the planning domain of the sub-task depicted
in Fig. 1-b. The minimum cost solution is accented in bold.

accepts only minimum cost solutions. The incorrect solution described above is
pruned because it must assume more facts than the bold-faced minimum cost
solution of Fig. 2.
The third extension to the basic Graphplan algorithm computes the consistent
characteristics of the minimal cost solutions: binary order constraints, assumed
preconditions, and eﬀects. The resulting sets are those elements that are present
in every valid minimal cost solution. Since the example of Fig. 2 has just a single
minimum cost solution, its preconditions and eﬀects are taken to be necessary.
These sets are output by the planning algorithm, and can be contrasted with
the declared preconditions, eﬀects, and order constraints of the original task.

3

Example

This section brieﬂy describes the algorithm as it operates on the book request
task model depicted in Fig. 1-a. The algorithm ﬁrst decomposes the task model
into its constituent sub-steps and recursively analyzes them. The author extraction sub-task, for example, is translated into a planning domain and analyzed
as depicted in Fig. 2. An additional precondition (At WINDOW1 LOC1)
and eﬀect (KnowRef AUTHOR1) are recovered from the minimal cost solution. The other sub-steps of the book request task are likewise translated to
planning domains and analyzed. Speciﬁcally, predicates of the form (KnowRef
<ITEM>) are recovered as eﬀects of the selection actions and as preconditions
for the form ﬁlling actions. Analysis of the high level task resumes with updated
planning operators reﬂecting these discoveries. The algorithm determines that:
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the extract sequences precede the ﬁll sequences, the extract steps can occur in either order, and the ﬁeld ﬁlling steps can occur in either order. These reﬁnements
are shown graphically in Fig. 1-a.
The reﬁned model more precisely characterizes the task. For example, a plan
recognizer using the improved task model can, among other things, recognize task
instances in which sub-tasks are performed in diﬀerent orders. Additionally, the
augmented precondition and eﬀect detail of the improved model can be used to
infer reasons why each individual action might be taken, allowing novel plans to
be attributed to the user.

4

Conclusion

This paper presents a novel use of planning to recover missing information in task
models, and describes its operation on a simple task model learned from a single
demonstration with the PLOW system. The improved task models that result
from this analysis are useful for understanding and reasoning about user behavior. Though this treatment analyzes procedures after they have been learned in
their entirety, it is a straightforward modiﬁcation to analyze procedures incrementally as new information is learned (e.g. additional sub-task speciﬁcations,
preconditions, eﬀects, etc.).
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