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Abstract

This paper proposes and investizates a novel way of combining machine lgarning
and heuristic search to improve domain-independent planning. On the lgarning
side, we use learning to predict the plan cost of a good solution for a given instance.
On the planning side, we propose a bound-sensitive heuristic function that exploits
such a prediction in a state-space planner. Our function combines the input
prediction {derived inductively) with some pieces of information gathered during
search (derived deductively). As the prediction can sometimes be grossly
inaccurate, the function also provides means to recognise when the provided
information is actually misguiding the search. Our experimental analysis
demonstrates the usefulness of the proposed approach in a standard heuristic best-
first searchschema.

The challenge

« Suppose to have a cost prediction of a solution for a planning problem
« This prediction could be made by a domain expert, or automatically generated

It could be very inaccurate

Challenge:
How can we exploit a prediction of the cost of a plan to improve search

performance?

To address this question, here we introduce:

» adomain-independent approach for predicting the cost of a "good” solution
« a best-first search schema that can take advantage of the provided prediction

» an adaptive mechanism to cope with inaccurate predictions

The considered search schema

e Weused astandardbest-first searchschema
s Weused two heuristics hs(n) (admissible) and k, (n) (inadmissible)

# Oursearchprioritizes the expansion of nodes having the lower f-value:

f(n) = g(n) + w = h¥(n)

where the heuristic termis a function invelving k, (n), hs(n), B

Proposed estimate-sensible heuristic

* ‘Wedesignan estimate-sensible heuristic to speed up the search

h%”:mm“(mﬂmﬂ

¢ Multiplicative term: nodes are penalized and rewarded in term of priority of
extractionfrom the queue
® |t acceleratesthe searchtowards nodes that are close to predicted value B:
the nodessuchthat g(n) + hs(n) < B are penalized

all nodes lying beyond the estimate are discounted (prioritized)

How to cope with inaccurate predictions

& There may be cases where the predicted cost is a serious underestimation of an
optimal plan: this could negatively affect search time
¢ Wedesigna reactive strategy to avoid this problem:

#{ncexp.nodes | g(n)+hs(n)>8}
penaltyae = et

& this metric is used to smoothly deactivate the strategyin favour of the search
heuristic
(1-penalty,,.)
BB (n) = hy(n) * (=B

g(n)+hs(n)

How do we predict costs?

s Givena planninginstance, we can extractuseful informationunder the form of
features

e Largeset of features defined by the community

e Features comes from:
Different encodings of a planning problem (PDDL, SAS+)
Pre-processing statistics coming from relevant planning systems (LPG,
FastDownward)
Search space topology (Torchlight)
FastDownward probing features -brief runs of a planner on the considered
instance, in order to extract information from its search trajectories

s Largedatasetto trainthe model (=7000 planninginstances)

& Trainingdone using Auto-WEKA to generate a domain-independent predictor
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Conclusions

In this paper we have addressed the problem of exploiting plan cost predictions,
computed at preprocessing through machine learning techniques, in order to
improve planning performance for propositional domains with action costs. An
effective use of these predictions during planning should take into account that the
predicted cost can be (even grossly) inaccurate with respect to the best quality plan
that a planning approach can found within a certain time limit. We have developed
a cost prediction model that is based on standard machine learning technigues
using a large set of in-stance features, and we have proposed a method to exploit
the predictions made by this model in the context of wA*.Our method can be seen
as a way to dynamically adjust the input weight w of the heuristic during search,
taking into ac-count the predicted plan cost and preventing the search to be
misguided when the predictionis severely inaccurate,




