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Université Paris Sud

Orsay, France
marc.schoenauer@inria.fr

Abstract

In this paper we describe the system used in the Plan-
ning and Learning Part of the 7th International Plan-
ning Competition. Learn-and-Optimize (LaO) is a
generic surrogate based method for parameter tuning
combining learning and optimization. In this paper
LaO is used to tune Divide-and-Evolve (DaE), an Evo-
lutionary Algorithm for AI Planning. The LaO frame-
work makes it possible to learn the relation between
some features describing a given instance and the op-
timal parameters for this instance, thus it enables to
extrapolate this relation to unknown instances in the
same domain. Moreover, the learned model is used as
a surrogate-model to accelerate the search for the op-
timal parameters. It hence becomes possible to solve
intra-domain and extra-domain generalization in a sin-
gle framework. The proposed implementation of LaO
uses an Artificial Neural Network for learning the map-
ping between features and optimal parameters, and the
Covariance Matrix Adaptation Evolution Strategy for
optimization.

Introduction

Parameter tuning is basically a general optimization
problem applied off-line to find the best parameters for
complex algorithms, for example for Evolutionary Algo-
rithms (EAs). Whereas the efficiency of EAs has been
demonstrated on several application domains (Yu et al.
2008; Lobo, Lima, and Michalewicz 2007), they usu-
ally need computationally expensive parameter tuning.
Consequently, one is tempted to use either the default
parameters of the framework he is using, or parame-
ter values given in the literature for problems that are
similar to his one.

There may be as many parameter tuning algorithms as
optimization techniques (Eiben et al. 2007), (Montero,
Riff, and Neveu 2010). However, several specialized
methods have been proposed, and the most prominent
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today are Racing (Birattari et al. 2002), REVAC (Nan-
nen, Smit, and Eiben 2008), SPO (Bartz-Beielstein,
Lasarczyk, and Preuss 2005), and ParamILS (Hutter
et al. 2009). All these approaches face the same cru-
cial generalization issue: can a parameter set that has
been optimized for a given problem be successfully used
to another one? The answer of course depends on the
similarity of both problems.

Unfortunately, until now, nobody has yet proposed a
set of features for AI Planning problems in general, that
would be sufficient to describe the characteristics of a
problem, like it was done in the SAT domain (Hutter et
al. 2006). This paper makes a step toward a framework
for parameter tuning applied generally for AI Planning
and proposes a preliminary set of features. The Learn-
and-Optimize (LaO) framework consists of the combi-
nation of optimizing (i.e., parameter tuning) and learn-
ing, i.e., finding the mapping between features and best
parameters. Furthermore, the reuslts of learning will al-
ready be useful during further the optimization phases,
using the learned model as in standard surrogate-model
based techniques.

In this paper, the target optimization technique is Evo-
lutionary Algorithms (EA), more precisely the evolu-
tionary AI planner called Divide-and-Evolve (DaE).
However, DaE will be here considered as a black-box
algorithm, without any modification for the purpose of
this work than its original version described in (Jacques
Bibai et al. 2010b).

The paper is organized as follows: Section describes
the evolutionary Divide-and-Evolve algorithm. Sec-
tion introduces the original, top level parameter tun-
ing method, Learn-and-Optimize. Finally, section de-
scribes the implementation of the framework used in
the Planning and Learning Part of IPC2011.



Divide-and-Evolve

Divide-and-Evolve (DaE) – a novel hybridization of
Evolutionary Algorithms (EAs) with AI Planning – has
been first proposed in (Schoenauer, Savéant, and Vidal
2006). For a complete formal description, see (Jacques
Bibai et al. 2010a).

A planning problem defined on domain D with ini-
tial state I and goal G will be denoted in the follow-
ing as PD(I,G). The basic idea of DaE in order to
solve a planning task PD(I, G) is to find a sequence of
states S1, . . . , Sn, and to use some embedded planner
to solve the series of planning problems PD(Sk, Sk+1),
for k ∈ [0, n] (with the convention that S0 = I and
Sn+1 = G). The generation and optimization of the se-
quence of states (Si)i∈[1,n] is driven by an evolutionary
algorithm. The fitness (quality criterion) of a list of par-
tial states S1, . . . , Sn is computed by repeatedly calling
the external ’embedded’ planner to solve the sequence of
problems PD(Sk, Sk+1), {k = 0, . . . , n}. The concate-
nation of the corresponding plans (possibly with some
compression step) is a solution of the initial problem.
A sub-optimal, but fast planner is used as an embedded
planner: YAHSP (Vidal 2004) is a lookahead strategy
planning system for sub-optimal planning which uses
the actions in the relaxed plan to compute reachable
states in order to speed up the search process.

A state is a list of atoms built over the set of predicates
and the set of object instances. However, searching
the space of complete states would result in a rapid
explosion of the size of the search space. Moreover,
goals of planning problem need only be to defined as
partial states. It thus seems more practical to search
only sequences of partial states, and to limit the choice
of possible atoms used within such partial states.

An individual in DaE is hence represented as a variable-
length ordered time-consistent list of partial states, and
each state is a variable-length list of atoms that are not
pairwise mutex, as far as the initial grounding of all
atoms can tell (exactly determining if two atoms are
mutex amounts to solving a complete planning prob-
lem). Furthermore, all operators that manipulate the
representation (see below) maintain the chronology be-
tween atoms and the approximate local consistency of
a state, i.e. avoid pairwise mutexes.

One-point crossover is used, adapted to variable-length
representation in that both crossover points are inde-
pendently chosen, uniformly in both parents. Four dif-
ferent mutation operators have been designed, and once
an individual has been chosen for mutation (according
to a population-level mutation rate), the choice of which
mutation to apply is made according to user-defined
relative weights. Because an individual is a variable
length list of states, and a state is a variable length list

of atoms, the mutation operator can act at both levels:
at the individual level by adding (addState) or remov-
ing (delState) a state; or at the state level by adding
(addAtom) or removing (delAtom) some atoms in the
given state. The complete list of DaE parameters that
required some tuning is given in Table 1.

The General LaO Framework

If parameter tuning is applied to AI Planning, tuning
one instance has of course a sense if only that instance
is to be solved. Parameters tuned for one instance how-
ever, may not be optimal for other instances, as (Bibai
et al. 2010) demonstrates it. This very same paper also
demonstrates that global tuning for several domains is
even more inferior.

Our Learn-and-Optimize framework (LaO) aims to an-
swer this question and to solve intra-domain general-
ization problems, by adding learning to optimization.
We may assume that there might be a relation between
some features of the instance and the optimal parame-
ters. If we could learn such a relation representable by
a mapping, we could account both for intra- and extra-
domain variability of the optimal parameters. The fea-
tures could describe differences both between instances
from the same domain, both differences between do-
mains. To do this, we try to extract features both from
the domain-file and the instance-file.

Suppose we have n features and m parameters. For the
sake of simplicity and generality, both the fitness value,
the features and the parameters are considered as real
values. Parameter tuning is the optimization (in our
case minimization) of the fitness function f : Rm → R,
which function is different for each instance. In our
case f is the expected value off the stochastic algorithm
DaE executed with parameter p ∈ Rm. The optimal
parameter is defined by popt = argminp{f(p)}. For
each instance there is a set F ∈ Rn, the features of
that instance and the corresponding domain.

We suppose that there exists an ”almost unambiguous”
mapping from the feature space to the optimal param-
eter space.

pF : Rn → Rm, pF (F ) = popt (1)
.

The relation pF between features and optimal parame-
ters can be learned by any supervised learning method
capable of representing, interpolating and extrapolating
Rn → Rm mappings. The learning method shall also
be capable to resolve the unambiguity of the mapping.

A simple method could be developed by using any



known parameter tuning method for an appropriate
training set of instances in a domain, and then use
an appropriate supervised learning method to learn the
relationship of the features and the best parameters.
However, we can do more: learning and optimizing may
be combined, and thus we get our LaO algorithm.

It is not a new idea to use some kind of model in opti-
mization. Several so called surrogate-model based opti-
mization methods exist. In our case, however, there is
a difference that we have several instances to optimize,
we have only one model, and that model is actually
a mapping from the feature-space to the parameter-
space. Nevertheless, there is no question about how to
use such a model of pF in optimization: one can al-
ways ask the model for hints of parameters. Naturally,
if the model was perfectly fit to the training data, it
would be of no use, since it would return the same hint
as trained. Therefore under-fitting is beneficial during
the optimization phase to get new hints. One shall of
course avoid over-fitting also in the end, but in the end
we can not allow under-fitting.

It seems most reasonable that the stopping criterion
of LaO is determined by the stopping criterion of the
optimizer algorithm. After exiting one can also do a re-
training of the learner with the best parameters found.

An Implementation of LaO

Our choice for supervised learning method was a mul-
tilayer Feed-Forward Artificial Neural Network (ANN),
but other algorithms may also be used. We can suppose
that the relation pF is not very complex, which means
that a simple ANN may be used. One mapping shall
be trained for one domain. One can also try to train a
single domain-independent ANN, but that will be left
to the future.

Since we have several instances to run, we can only
afford a simple optimizer, therefore simply a Covari-
ance Matrix Adaptation Evolution Strategy was cho-
sen, specifically, a (1+1)-CMA-ES (in short, CMA-ES,
see (Hansen and Ostermeier 2001)). We started CMA-
ES with a known set of good default parameters, taken
from (Bibai et al. 2010).

There is one element added to a conventional CMA-ES,
and this is gene-transfer between instances. We have
one (1+1)-CMA-ES running for each instance, because
we can not afford to use a larger population for a sin-
gle instance. However, the (1+1)-CMA-ES instances of
all the instances form a set of individuals. Crossover
between individuals is usually not used in ES, however,
in our case a good chromosome of one instance may
at least help another instance. Thus it may be used
as a hint in the optimization. Therefore random gene-

transfer was used in our algorithm. When the Gene-
transferer is requested for a hint for one instance, it re-
turns with uniform random distribution the so-far best
parameter of a different instance. Naturally, the default
parameters are not tried twice.

Our realization of our LaO algorithm uses the Shark li-
brary ((Igel, Glasmachers, and Heidrich-Meisner 2008))
for CMA-ES and the FANN library for ANN ((Nissen
2003)). To evaluate each parameter-setting with each
instance, we use a computer-cluster with approximately
60 computers, most of them have 4 cores, but some have
8. The cluster is used by many researchers, therefore
our algorithm contains a scheduler to use the free ca-
pacity on this cluster.

Since the parallel architecture used in our algorithm is
somewhat heterogeneous, we can not rely on a fixed
running time, which depends on the hardware. There-
fore, for each evaluation the number of YAHSP eval-
uations is fixed for DaE. Moreover, since DaE is not
deterministic, we carried out 11 runs and took the me-
dian fitness-value as the result for that instance and
that parameter-settings.

Name Min Max Default
Probability of crossover 0.0 1 0.8
Probability of mutation 0.0 1 0.2
Rate of mut. add station 0 10 1
Rate of mut. delete stat. 0 10 3
Rate of mut. add atom 0 10 1
Rate of mut. delete atom 0 10 1
Mean average for mut. 0.0 1 0.8
Time interval radius 0 10 2
Max. number of stations 5 50 20
Max. number of nodes 100 100 000 10 000
Population size 10 300 100
Number of offsprings 100 2 000 700

Table 1: DaE parameters that are controlled by LaO

5 iterations of CMA-ES were carried out, followed by
one ANN and one Genetransferer, and this cycle was
iterated in the algorithm. The ANN had 3 fully con-
nected layers, and the hidden layer had the same num-
ber of neurons as the input. Learning was done by
the conventional back-propagation algorithm, which is
the default in FANN. In one iterations of LaO the ANN
was only trained once for 50 iterations (called epochs in
FANN) without reseting the weights, so that we avoid
over-training. The aim of not reseting the weights was
that the ANN makes a graded transition from the pre-
vious best known parameter-set to the new best known
parameter-set, which could help optimization by trying
some intermediate values. This is why retraining of the
ANN is needed in the end.

Termination criterion in the competition was simply the
available time, the algorithm was running for several



weeks on our cluster, which is used also for other re-
search, i.e. only a small number of 4 or 8-core processors
were available for each domain in average. After stop-
ping LaO, retraining was made with 300 ANN epochs
with the best data, because the ANN’s saved directly
from LaO may be under-trained. The MSE error of the
ANN did not decrease using more epochs, which indi-
cates that 300 iterations are enough at least for this
amount of data and for this size of the ANN. Tests
with 1000 iterations did not produce better results and
neither training the ANN uniquely with the first found
best parameters.

The controlled parameters of DaE are described in table
1. For a detailed description of these parameters, see
(Bibai et al. 2010). The feature-set consists of 12 fea-
tures. First there are 5 important features: the number
of fluents, goals, predicates, objects and types. These
were extracted from the domain file or the instance file
using the PDDL parser. One further feature we think
could even be more important is called mutex-density,
which is the number of mutexes divided by the number
of all fluent-pairs. We also kept 6 less important fea-
tures: number of lines, words and byte-count - obtained
by the linux command ”wc” - of the instance and the
domain file. These features were kept only for histor-
ical reasons: they were used in the beginning as some
”dummy” features.
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