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Generating production-quality plans is an essential 
element in transforming planners from research tools 
into real-world applications. However most research 
on planning so far has concentrated on methods for 
constructing sound and complete planners that find 
a satisficing solution, and on how to find such solu- 
tion in an efficient way. Similarly most of the work 
to date on automated control-knowledge acquisition 
has been aimed at improving the eficiency of plan- 
ning; this work has been termed “speed-up learning”. 
Our work focuses on how control knowledge may guide 
a planner towards better plans, and how such control 
knowledge can be learned. “Better” may be defined in 
a domain-dependent way and vary over time. (Perez & 
Carbonell 1993) contains a detailed taxonomy of plan 
quality metrics. We have concentrated on metrics re- 
lated to plan execution cost, expressed as an evaluation 
function additive on the cost of the individual opera- 
tors. These functions are linear and do not capture the 
existence of tradeoffs between different quality factors. 

Our goal is to have a system that improves over ex- 
perience the quality of the plans it generates by ac- 
quiring in a fully automated fashion control knowledge 
to guide the search. Figure 1 shows the architecture 
of the current system, fully implemented on top of the 
PRODIGY nonlinear planner (Carbonell et al. 1992). 
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Figure 1: Architecture of a system to learn control knowl- 
edge to improve plan quality (Perez & Carbonell 1994). 
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The learning algorithm is given a domain theory (op- 
erators and inference rules) and a domain-dependent 
objective function that describes the quality of the 
plans. It is also given problems to solve in that do- 
main. The algorithm analyzes the problem-solving 
episodes by comparing the search trace for the plan- 
ner solution given the current control knowledge, and 
another search trace corresponding to a better solu- 
tion (better according to the evaluation function). The 
latter search trace is obtained by letting the problem 
solver search further until a better solution is found, 
or by asking a human expert for a better solution and 
then producing a search trace that leads to that so- 
lution. The decision points where control knowledge 
failed to guide the planner to the better plan are used 
as learning opportunities. From the comparison of the 
two traces the algorithm eccpdains why one solution is 
better than the other using the evaluation function, 
and its output is search control knowledge that leads 
future problem solving towards better quality plans. 
Two points are worth mentioning: 
o Learning is driven by the existence of a better solu- 

tion and a failure of the current control knowledge 
to produce it. 

o There is a change of representation from the knowl- 
edge about quality encoded on the objective function 
into knowledge that the planner may use at problem 
solving time, as the plan and search tree are only 
partially available when a decision has to be made. 

We do not claim that this control knowledge will neces- 
sarily guide the planner to find optimal solutions, but 
that the quality of the plans will incrementally improve 
with experience, as the planner sees new interesting 
problems in the domain. 

We have obtained good preliminary results using 
randomly-generated problems in a process planning 
domain. We plan to explore different domains and 
types of evaluation functions. 
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