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Abstract

Automated planning deals with the problem of composing sequences of actions, which, when

executed from a given initial state, lead to the satisfaction of a given goal. Classical planning,

in particular, relies on a known and deterministic model of the environment. In this thesis, we

consider learning from the planner’s experience as a way of improving its performance.

Modern classical planners are typically based on heuristic forward search. Such planners include

two key components: a search routine, such as A* or greedy best-first search, and a heuristic

function, which guides the search by evaluating any given state of the environment. A domain-

independent heuristic function can be applied to problems from any planning domain.

The first part of the thesis investigates the use of machine learning techniques to obtain heuris-

tic functions. The existing work on learning heuristics has focused on learning domain-specific

functions. We propose a domain-independent approach, which allows the heuristics to be

learned from data representing multiple domains and then deployed on any domain, thus pre-

serving the generality of the planner. The learning task takes the form of supervised learning:

solutions to a number of training problems are used to learn a heuristic function, which can

then be applied for unseen problems and domains. We evaluate the approach experimentally

and indicate its potential strengths and weaknesses.

In the second part of the thesis, we turn our attention to the search routine. The search routines

used in classical planning are typically based on best-first search and remain fixed throughout

the process of solving a problem. In this thesis, we construct search routines capable of changing

the search approach while solving a problem. This allows us to formulate the task of learning

search policies. The purpose of a search policy is to indicate the most suitable way of continuing

the search given its current state. We consider two distinct approaches. The first one relies

on a fixed set of search subroutines. The policy search problem translates to reinforcement

learning with a discrete action space. The second one introduces a novel parametrised search

algorithm, combining a variety of search techniques in a single routine. In this case, the search

policy is responsible for setting the values of the search algorithm’s parameters. This results

in a learning task akin to reinforcement learning in continuous action spaces. Experimental

evaluation shows that the learners are capable of discovering efficient search policies tailored to

given distributions of planning problems.
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Chapter 1

Introduction

Automated planning is concerned with finding sequences of actions which, when executed from

a given initial state, lead to satisfaction of a given goal. Classical planning, in particular,

assumes a known, static and deterministic model of the environment. A critical property of

classical planning is the ability to solve problems from multiple, unrelated domains, provided

that they are expressed in some common formalism, such as the Planning Domain Definition

Language (PDDL) [MGH+98]. The generality of planning comes at the cost of its compu-

tational complexity. In fact, the problem of finding a plan is PSPACE-complete [Byl94]. A

paramount objective of planning research has been to find approaches suitable for efficiently

solving problems representing a wide range of planning domains. In this thesis, we consider

learning from the planner’s experience as a way of improving its performance.

A dominant paradigm in forward search planning is forward search in the space of possible

environment states. A forward search planner starts at the initial state and iteratively explores

the state space by applying available actions from the states reached so far. If the problem is

solvable and the planner is complete, the search continues until a goal state is found or the

planner runs out of resources, such as time or memory.

At a very high level, the two key components of a forward search planner are the search routine

and a heuristic function. The search routine, for example greedy best-first search or A*, uses

the heuristic function to determine the order in which the environment states are explored. The

17



18 Chapter 1. Introduction

Planner Learner

plans
(environment states / scores)

control knowledge
(heuristics / search policies)

Figure 1.1: Planning and learning: an overview.

heuristic itself is a function mapping any given environment state to a scalar value, which is

often interpreted as an estimate of the distance from the evaluated state to the goal. Heuristic

functions help guide the planner towards more promising states and, eventually, towards the

goal.

In the first part of the thesis, we investigate the use of machine learning to automatically acquire

heuristic functions for classical planning. Then, in the second part, we focus on using learning

in the search component of the planner. In particular, we introduce the task of learning search

policies in action spaces comprising multiple forward search techniques, such as greedy search,

local search and random walks. We present two variants of the task, along with reinforcement

learning approaches for solving them.

Figure 1.1 is a high-level depiction of our learning planning systems. In all cases, the results of

planner runs are used to learn control knowledge that can be used while solving new problems.

When learning the heuristic functions, the learning process takes the form of a supervised

learning task. Plans for a number of training problems are computed using existing planners.

Environment states lying along the plan trajectories are used to learn a heuristic function.

The learned function can then be used for evaluating unseen states, encountered by a planner

while solving new problems. For learning the search policies, we adopt a reinforcement learning

setting, in which the training process involves multiple runs of the planner using the current
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search policy (or samples from the current distribution over search policies). The results of the

runs, such as information about whether the problem was solved and the cost of the plan, are

used to update the search policy (or a distribution over policies).

1.1 Motivation

All methods introduced in this thesis share the objective of learning from the planner’s expe-

rience in order to improve its future performance. The first approach we consider is learning

heuristic functions. Heuristic functions can be learned using examples of environment states

for which the distance to the goal is known, for example states extracted from plans computed

using existing planners. This idea has been explored in the literature [YFG08, XFY10, VBA13,

GKLP16]. However, in these approaches, learning has been confined to domain-specific set-

tings. While learning in a domain-specific setting can improve the performance of the planner

in the given domain, in many ways it is at odds with the general nature of domain-independent

planners, which are expected to be able to handle problems from any domain. For example,

when a planner is used as a problem-solving component of a dynamic system, the planning do-

mains it faces may constantly change [BSM+16, BMPR17]. In such settings, tying the learned

knowledge to a particular domain would severely restrict its usefulness. In this thesis, we ex-

plore the problem of learning domain-independent heuristic functions. In line with the state of

the art in learning domain-dependent heuristics, our learning approach uses features extracted

from graphs computed by existing heuristics. In a sense, the learning objective in this setting is

the correction of the deficiencies in the original heuristic. While existing work does it in a per-

domain setting, we introduce a domain-independent approach, in which the learned heuristic

can be applied to unseen domains.

The second part of the thesis is focused on learning search policies, whose task is to choose

the most suitable search approach, given the state of the search. This is a novel learning

task, based on the idea of combining multiple search techniques within a single search run and

switching between them as necessary. The existing work on search alternating between multiple
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techniques is typically limited to hand-crafted approaches, in which the primary search mode

(such as greedy search) is supported with a single exploratory mechanism (such as random

walks) when a specific, human-defined criterion is met [XMH14, LG17].

In contrast, our approaches include multiple search techniques in the planner without manually

selecting the primary and exploratory technique. Rather than that, the task of choosing the

most suitable one is handled by the learned policy. The first variant of our approach uses a

discrete action space comprising a number of fixed search routines. We then take the idea further

and construct a parametrized search routine template, which combines multiple techniques in a

manner defined by the values of its parameters. For specific values of the parameters, the routine

can resolve to, for example, standard best-first search or iterated local search. For intermediate

values of the parameters, various combinations of the above are possible, optionally supported

by random walks and randomized order of node expansion. One of the key advantages of

this setting is that it allows the learning process to optimize quantities such as the length of

random walks and the span of the local search, rather than just choose between fixed, predefined

routines. This enables the learning process to explore a wide range of search approaches in order

to find a policy best suited to a given problem distribution. Learning search policies tailored

to a given problem distribution and performance objective can be seen as bridging the gap

between general planners, designed to work for a large variety of problems, and domain-specific

solvers, handcrafted by human experts for a particular problem type.

1.2 Contributions

In this section, we outline the contributions of this thesis, organized by chapters. Each of the

contributions is accompanied by an open source implementation based on the Fast Downward

planning system [Hel06], which is available online1.

1https://github.com/pgomoluch/fd-learn
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1.2.1 Learning Heuristic Functions

To the best of our knowledge, we present the first attempt to learn domain-independent heuristic

functions. Our approach builds on the state-of-the-art approach to learn domain-dependent

heuristics [YFG08, GKLP16]: we base our feature representation on the computation of existing

relaxed-plan heuristics and employ a ranking approach for learning the heuristic function. Our

original contributions include: construction of domain-independent features characterizing the

environment state, building a training data set, and empirical evaluation of the approach, in

which we show its potential strengths and weaknesses.

1.2.2 Learning Search Policies with a Finite Action Space

Our first approach to learning search policies is based on a discrete action space, comprising

multiple search routines. The contributions of this chapter include a novel search algorithm

capable of switching between multiple search routines and a policy gradient framework for

learning stochastic search policies, which choose the search routine given the state of the search.

We provide a simple instantiation of the framework comprising a two-dimensional search state

representation and five different search routines. The experimental evaluation shows that the

approach is capable of learning various search policies which match the performance of the best

performing baselines in each of the domains and outperform them on aggregate.

1.2.3 Learning Search Policies with an Infinite Action Space

Finally, we present a different way of learning search policies, based on a parametrized template

of a search routine. Depending on the values of the parameters, the parametrized search

routine can perform best-first search, iterated local search or various combinations of the two,

supported with random walks and randomized order of node expansion. In this setting, the

search policies take the form of a function mapping the state of the search to values of the

routine’s parameters. We present a cross-entropy method approach to learning search policies



22 Chapter 1. Introduction

tailored to a given distribution of the planning problems. We show that the same evolutionary

approach can also be used to learn the values of the search parameters directly, without a

state-dependent policy. We provide an empirical evaluation of both methods and show that

they are capable of finding effective search policies, outperforming the relevant baselines.

1.3 Publications

Many of the ideas and results presented in this thesis have been published in the following

papers:

• Pawe l Gomoluch, Dalal Alrajeh, Alessandra Russo and Antonio Bucchiarone. Towards

learning domain-independent planning heuristics. The Workshop on Architectures for

Generality and Autonomy at the International Joint Conference on Artificial Intelligence

(IJCAI) 2017. [GARB17]

• Pawe l Gomoluch, Dalal Alrajeh, Alessandra Russo. Learning Classical Planning Strate-

gies with Policy Gradient. International Conference on Automated Planning and Schedul-

ing (ICAPS) 2019. [GAR19]

• Pawe l Gomoluch, Dalal Alrajeh, Alessandra Russo and Antonio Bucchiarone. Learning

Neural Search Policies for Classical Planning. (to appear). Accepted for the International

Conference on Automated Planning and Scheduling (ICAPS) 2020. [GARB20]



Chapter 2

Background

In this chapter, we introduce the relevant planning and machine learning terminology, to which

we refer throughout this thesis. The chapter is structured as follows. We first present back-

ground on classical planning, including a formal definition of a classical planning problem and

some existing algorithms used to solve it, with a particular focus on the techniques we build

upon in this thesis. We then describe the relevant machine learning problems and techniques.

We finally present the evolutionary optimization algorithms, which we employ in Chapter 6.

2.1 Classical Planning

Planning is the act of reasoning about future actions prior to executing any of them. The

aim of planning is to construct plans, which indicate, action by action, what steps need to

be taken in order to achieve a given goal from a given initial state. Classical planning, in

particular, assumes a known, static and deterministic model of the environment, described in

terms of discrete variables. The planning approaches considered in this thesis rely on forward

search through the space of possible environment states. The plans constructed by forward-

search planners are linear sequences of actions (also referred to as operators), which, executed

in order, lead from a given initial state to a state in which the goal is satisfied.

23
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One of the first formalizations of the classical planning task was the propositional STRIPS prob-

lem definition, associated with a problem-solving program by the same name [FN71]. A similar

propositional representation is used by the Planning Domain Definition Language (PDDL)

[MGH+98], which is the standard way of describing a planning task. PDDL is presented in

more detail in Section 2.1.1. For the purpose of this thesis, we formally define the classi-

cal planning problem using the multi-valued planning task (MPT) formalism [BN95, Hel06].

Before we formally define the classical planning problem (Definition 2.2), we introduce the

necessary concepts in Definition 2.1.

Definition 2.1 Assume that V is a set of variables, where each variable v ∈ V is associated

with a domain Dv. A partial assignment over V is a function s defined on some subset Vs

of V, such that, for every v ∈ Vs, s(v) ∈ Dv. A partial assignment s over V is an assignment

(also referred to as a state) over V if and only if Vs = V. A partial assignment s over V

satisfies a partial assignment s′ over V if and only if Vs′ ⊆ Vs and s(v) = s′(v) for every

v ∈ Vs′.

Definition 2.2 A classical planning problem is a tuple Π = 〈V ,O, s0, g〉, whose compo-

nents are defined as follows:

• V is a finite set of variables; each variable v ∈ V is associated with a finite domain Dv;

• O is a set of operators, each operator o ∈ O is defined by its preconditions pre(o) and

effects eff(o), which are partial assignments over V; an operator o ∈ O can be applied in

a state s if and only if s satisfies pre(o); the state resulting from applying operator o in

state s, denoted as s′ = o(s) is an assignment over V such that s′(v) = eff(o)(v) for every

v ∈ Veff(o) and s′(v) = s(v) for every v ∈ V \ Veff(o)

• s0 is the initial state, which is an assignment over V;

• g is the goal, which is a partial assignment over V.
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In classical planning with action costs, the problem definition is augmented to include a cost

function: Πc = 〈V ,O, s0, g, c〉, where c : O → R+ ∪ 0 is a function assigning a nonnegative

scalar cost to each operator o ∈ O.

Definition 2.3 A plan is a sequence of operators o0, o1...on ∈ O, such that applying the oper-

ators in order, starting from the initial state s0, leads to a state that satisfies the goal g:

g ⊆ on(on−1(...o0(s0)...))

A plan is a solution of a classical planning problem. In planning with action costs, the cost of

a plan is the sum of the costs of the operators used in the plan
n∑
i=0

c(oi). A plan is optimal if

and only if its cost is minimal among all the plans solving the problem. In planning without

action costs, a plan is optimal if and only if its length is minimal among all the plans solving

the problem.

While a propositional representation using binary variables is automatically an MPT one (where

all variables are binary), using variables that can take more than two values often allows for

a more practical representation of a planning task. For this reason, the multi-valued repre-

sentation lies at the core of many modern planners, including the Fast Downward planning

system [Hel06]. A binary representation of a planning task can be efficiently translated to a

more compact multi-valued one by using invariant synthesis to detect groups of propositional

variables which can be replaced with a single variable with larger domain [Hel06].

A planning setting that requires finding optimal plans is referred to as optimal planning. Plan-

ning without the optimality requirement is known as suboptimal or satisficing (from satisfy and

suffice) planning. In this thesis, we focus on satisficing planning.

2.1.1 The Planning Domain Definition Language

The Planning Domain Definition Language (PDDL) [MGH+98] is the standard language for

describing classical planning problems. PDDL is a declarative language allowing for the defi-
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BA C

Figure 2.1: The initial state of an example planning problem.

nition of predicates and typed objects. Predicates with variables are used to define operator

schemata. Operators are obtained from the operator schemata by grounding, i.e., substituting

objects for the variables in the schema definition. A PDDL specification typically comes in two

parts referred to as the planning domain and the problem. The planning domain specifies the

predicates and operator schemata. The problem is an instance of the planning domain. The

problem description defines the initial state, the goal and the objects existing in the environ-

ment.

As an example, let us consider the planning problem illustrated in Figure 2.1. The problem

represents a simplified version of the Transport domain from the International Planning Com-

petition (IPC). The task is to deliver the package (initially at location B) to its destination C.

The package can be transported using a truck, initially located at A.

Listing 2.1 shows a PDDL description of the domain. The description starts by stating the

features of PDDL used in the specification. In this case, the only requirement is typing which

allows for building object type hierarchies. The object types are used to restrict the types

of predicate arguments. In our example, there are two types (location and locatable) derived

directly from object. The locatable type is used as a base type for the vehicle and package types.

The definition of types is followed by definitions of predicates. In this case, there are three

predicates (road, at and in), each with two arguments. The road(l1, l2) predicate is used to
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Listing 2.1 A PDDL domain example.

( d e f i n e ( domain t ranspo r t )
( : requ i rements : typing )
( : types

l o c a t i o n l o c a t a b l e − ob j e c t
v e h i c l e package − l o c a t a b l e

)
( : p r e d i c a t e s

( road ? l 1 ? l 2 − l o c a t i o n )
( at ?x − l o c a t a b l e ? l − l o c a t i o n )
( in ?p − package ?v − v e h i c l e )

)

( : a c t i on dr iv e
: parameters (? v − v e h i c l e ? l 1 ? l 2 − l o c a t i o n )
: p r e cond i t i on ( and

( at ?v ? l 1 )
( road ? l 1 ? l 2 )

)
: e f f e c t ( and

( not ( at ?v ? l 1 ) )
( at ?v ? l 2 )

)
)

( : a c t i on pick−up
: parameters (? v − v e h i c l e ? l − l o c a t i o n ?p − package )
: p r e cond i t i on ( and

( at ?v ? l )
( at ?p ? l )

)
: e f f e c t ( and

( not ( at ?p ? l ) )
( in ?p ?v )

)
)
( : a c t i on drop

: parameters (? v − v e h i c l e ? l − l o c a t i o n ?p − package )
: p r e cond i t i on ( and

( at ?v ? l )
( in ?p ?v )

)
: e f f e c t ( and

( not ( in ?p ?v ) )
( at ?p ? l )

)
)

)
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state that there is a road between locations l1 and l2. The at(x, l) predicate can express the

fact that a locatable object x (such as a vehicle or a package) is at location l. The in(p, v)

predicate states that the package p is in the vehicle v.

The predicates are used to specify the operator schemata (actions) in terms of their parameters,

preconditions and effects. The drive action has three arguments specifying the vehicle and the

locations between which it is driven. The preconditions of the action are that the vehicle is

present at the initial location and that there is a road connecting the initial location with the

destination. The effect of the action is that the vehicle disappears from its initial location and

appears at the destination. The pick-up action is used to load the package to a vehicle when

both are present at the same location. The action drop unloads a package from a vehicle.

The problem itself is described in Listing 2.2. It defines three locations (a, b and c), as well

as one vehicle (truck1 ) and one package (package1 ). The initial state lists the roads between

a and b, as well as b and c (in both directions). The package is initially located at b and the

truck is located at a. The goal is to get the package to location c.

Listing 2.2 A PDDL problem example.

( d e f i n e ( problem transpor t1 )
( : domain t ranspo r t )
( : o b j e c t s
a − l o c a t i o n
b − l o c a t i o n
c − l o c a t i o n
truck1 − v e h i c l e
package1 − package

)
( : i n i t
( road a b)
( road b a )
( road b c )
( road c a )
( at package1 b)
( at truck1 a )

)
( : goa l ( and
( at package1 c )

) )
)
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2.1.2 Planning as Forward Search

A common paradigm in classical planning is forward search. A forward search planner starts at

the initial state s0 and iteratively examines states reachable by applying the operators applicable

in the visited states, until a state which satisfies the goal g is reached. High-level pseudocode

of a forward search planner is presented in Algorithm 1.

The inputs of the algorithm are the initial state s0, the goal g and the set of operators O. The

algorithm starts by initializing the open list with the initial state (line 2). The main loop of

the algorithm (lines 3-14) consists of removing a state from the open list (line 4) and using all

the operators applicable in the state (line 5) to reach descendant states which are then added

to the open list (line 11). The algorithm terminates when a state satisfying the goal is reached

(lines 7-9). If the open list becomes empty without reaching the goal, the search fails (line 15).

Note that the search algorithm is presented here in a simplified form. We omit detail relating

to detecting duplicate states and storing information about how each of the states was reached

(i.e., the ancestor state and the operator applied). One way to read the algorithm is to assume

that the open list is actually a richer data structure that stores the ancestor information and

is capable of detecting and possibly rejecting the duplicate states.

Algorithm 1 Planning by forward search

1: function Plan(s0, g,O)
2: open list← [s0]
3: while queue is not empty do
4: sc ← next(open list)
5: for all o ∈ O applicable in sc do
6: s← o(sc)
7: if s � g then
8: plan← extract-ancestors(s)
9: return plan

10: else
11: insert(open list, s)
12: end if
13: end for
14: end while
15: return failure
16: end function

The effective behaviour of a planner following Algorithm 1 depends on the ordering of states
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in the open list. If the list is a FIFO queue, the search becomes breadth-first search. If the list

is a LIFO queue (a stack), the search is depth-first search (DFS). In best-first search (BFS),

the list is ordered using a heuristic function, which maps a state to a scalar value, with lower

values assigned to states which are deemed closer to the goal. Search using a list ordered solely

by increasing values of the heuristic is called greedy best-first search (GBFS). If the ordering

instead uses a sum of the heuristic and the cost of the path from the initial state to the evaluated

state, the resulting search algorithm is known as A*. In the following section, we discuss the

concept of a heuristic function in more detail.

2.1.3 Planning Heuristics

In planning, a heuristic is a function that maps an environment state to a scalar value: h : SV →

R, where SV is the set of states in the given planning problem (a set of possible assignments

over V). The purpose of a heuristic function is to guide the search towards the more promising

states, for which the heuristic is generally expected to return lower values. The value of the

heuristic function is often interpreted as the estimated distance from the evaluated state to the

goal. Indeed, an oracle knowing the exact distance to the goal from any given state would be

a perfect heuristic, linearly guiding the search to the goal (every expanded state would lie on

a direct path to the goal). Designating the distance to the goal is generally as hard as solving

the planning problem itself. For this reason, the heuristic functions used in practice need to

trade off the quality of the distance estimate with the time required to compute it.

A very simple example of a heuristic function is the goal count heuristic, which returns the

number of variables whose value in the evaluated state is different from the value required by

the goal g. For the example problem from Figure 2.1, the value of goal count heuristic is 0 for

states in which proposition at(package1,c) holds. For all other states the value of the heuristic

is 1. In a larger problem, with more packages to deliver, the value of the heuristic would be

equal to the number of packages not yet delivered.

Classical planning heuristics have been an area of active research and many effective heuristic

functions have been proposed [HN01, Hel06, HG08, RW10, DHK15]. In the following subsection,
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we describe the Fast Forward heuristic, one the most successful heuristic functions in recent

years. The Fast Forward heuristic is used extensively in the evaluation of the contributions

presented in this thesis.

The Fast Forward Heuristic

The Fast Forward heuristic (FF) [HN01] is a key component of a successful planner by the same

name. The FF heuristic belongs to the family of relaxation heuristics. The key idea behind

relaxation heuristics is to efficiently compute a solution to a simplified version of the planning

problem at hand (i.e., the problem where the initial state is the state under evaluation and

the goal is the same as the original goal g). The cost or length of the plan computed for the

reduced problem is then used as the heuristic value for the evaluated state.

The design of a relaxation heuristic involves two key steps. The first is to decide how to

simplify the planning problem. The second is what algorithm to use to efficiently solve the

reduced problem. The FF heuristic is an instance of a delete-relaxation heuristic. The reduced

problem is obtained by removing the negative effects (also known as the delete effects) of the

operators from the propositional representation of the original planning task. For instance,

the action drive(truck1,a,b) from the example problem adds the proposition at(truck1, b) and

deletes at(truck1, a). With the delete effect removed, the action only adds the truck at location

b, which means that after applying the action the truck exists in both locations simultaneously.

Intuitively, this makes solving the problem much easier, since the set of true propositions grows

monotonically with every operator application, eventually leading to a state in which each of

the goal propositions holds. In the case of FF, the relaxed plan is solved using a variant of the

Graphplan algorithm [BF97]. Solving the relaxed planning task is possible in polynomial time

[HN01].

Example To illustrate the computation of the Fast Forward heuristic, let us consider the

evaluation of the initial state of the example problem from Figure 2.1. The delete-relaxed

version of the problem is obtained by removing the delete effects from all the operators. The
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Figure 2.2: The relaxed plan graph constructed by FF.
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relaxed plan is then solved using the Graphplan algorithm. The graph constructed to compute

the heuristic value is shown in Figure 2.2. The top of the figure depicts the full graph constructed

for the relaxed problem. The graph is organized in layers, interleaving layers of propositions

with layers of operators. The solid lines connect each of the operators with its preconditions

and effects. The dashed lines represent additional no-op operators, modelling the persistence

of propositions between layers. The graph is constructed left to right. The leftmost proposition

layer represents the initial state. Every action layer includes all the operators applicable in

the state given by the preceding proposition layer. The next proposition layer augments the

previous one with propositions achieved by at least one of the applicable operators. The process

is repeated until a layer containing all the goal propositions is reached or until the proposition

layer stops growing. If the final layer contains all the goal propositions, the relaxed plan is

extracted by starting at the final layer and traversing the graph backwards, selecting operators

that achieved each of the goal propositions, then examining their preconditions to add the

actions achieving each of them and so on, until the initial layer is reached. The graph at the

bottom of Figure 2.1 shows the subgraph of the full graph, including all the selected operators.

The subgraph represents a partially ordered relaxed plan: the operators in the same layer can be

executed in any order. Note that in this case, the plan allows driving from b to c before picking

the package at b. This is possible in the relaxed problem because of the delete relaxation: the

truck does not disappear from b after moving to c, so the preconditions of the pickup action

still hold. The number of operators in the relaxed plan (respectively: the sum of their costs)

is the heuristic estimate returned for the evaluated state. In this case, the heuristic value is 4,

which is the exact distance from the initial state to the goal.

In the case of an MPT representation of the planning task, the delete-relaxation amounts to

allowing each of the multi-valued variables to take multiple values simultaneously [Hel06]. For

example, consider a variable truck1-location for the example problem from figure 2.1. The

variable can take three values: a, b or c. In the relaxed plan, the result of applying action

drive(truck1,a,b) is that the set of values associated with variable truck1-location grows from

{a} to {a, b}.
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2.1.4 Evaluating Planners’ Performance

The planner’s performance can be evaluated using a number of metrics. One common approach

is to use coverage, i.e., the number of problems solved by the planner within a time limit, out

of a number of problems in the evaluation set. The time limit is usually per-problem, i.e.,

for every problem the planner receives a fixed time period, for example 30 minutes. Coverage

alone is very informative in the case of optimal planning, in which all the planners solving the

problem return a plan of equal (optimal) cost.

On the other hand, in suboptimal planning, the planners can return plans of varying cost. In

this case, using coverage to measure the planner’s performance would amount to ignoring the

plan cost. While optimality is not required in this setting, plans of lower cost are typically

preferred. The International Planning Competition (IPC) 20081 introduced a scoring approach

which, for every problem, awards the planner a score defined as the ratio between the cost of

the best known plan and the cost of the plan returned by the evaluated planner.

For a failed problem, the planner receives a score of 0. For a solved problem, the score ψ is

defined as:

ψ =
cmin

c

where cmin is the lowest known cost of a plan solving the problem and c is the cost of the plan

returned by the evaluated planner. In practice, cmin is often designated as the minimum over

the costs of plans returned by all the compared planners.

For example, a planner which returns a plan of cost c = 20 for a problem for which a plan with

a cost of cmin = 10 is known, will receive a score of 10
20

= 0.5.

The planner’s score for a set of problems is the sum of scores for individual problems:

Ψ =
∑
p

ψp

Throughout the thesis, we use the IPC score as the primary way of assessing the learned

1http://icaps-conference.org/ipc2008/deterministic/
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planner’s performance. In the reinforcement learning setting of Chapters 5 and 6, the IPC

score is also used to derive the reward functions for the training process.

2.1.5 Evaluation Domains

In this section, we provide a brief description of the IPC domains used for evaluating the

learning approaches introduced in this thesis. The domains were used in the learning track

of IPC 20142. Previously, they also appeared in the deterministic part of IPC 2011 [LCO15].

Their PDDL definitions are also available in the online repository of planning domains3.

Elevators

The Elevators domain is concerned with planning the routes of elevators in a multi-storey

building, so that each of the involved passengers can reach their destination floor. Buildings

feature two types of elevators. The fast elevators serve the full height of the building but can

only stop on selected floors, skipping a number of floors in between. The slow elevators can

stop on every floor but only serve some segment of the building (for example, floors 6-12).

The actions of the planner correspond to the elevators moving up and down, as well as the

passengers boarding and leaving the elevators.

Floortile

The Floortile domain involves planning for a set of robots whose task is to paint the floor in a

certain pattern. The floor is represented as a grid of tiles. Each tail can be painted in a certain

colour by a robot. The difficulty is that the robots are not allowed to step on a tile which

has already been painted. This results in possible dead-end states of the environment. The

planning agent controls all of the robots. The actions correspond to individual robots picking

up paint of certain colour, painting tiles and moving around.

2http://www.cs.colostate.edu/~ipc2014/
3https://github.com/potassco/pddl-instances/

http://www.cs.colostate.edu/~ipc2014/
https://github.com/potassco/pddl-instances/
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Figure 2.3: An example of a Parking problem. Six cars are parked in a total of eight parking
slots next to four curbs. The left part of the figure is the initial state. The right part is the
goal state.

No-mystery

In the No-mystery domain, the task is to drive a truck between a number of locations in

order to pick up packages and deliver them to their respective destinations. The truck has a

limited amount of fuel, which is consumed by every driving action. The initial amount of fuel is

determined during problem generation by invoking a domain-specific solver to find the length

of the optimal route. The truck receives the amount of fuel necessary to cover the optimal

route times a cost factor c, greater or equal 1 (for example, across IPC 2011 problems, c varied

between 1.1 and 1.5). This constraint ensures that the computed plans are at most c times

more expensive than an optimal one.

Parking

In Parking problems, a number of cars is parked next to a number of curbs. Cars can be double

parked but not triple parked. Moving a car that is situated between a curb and another car

requires removing the other car first. The task is to rearrange cars from their initial locations

to a certain target arrangement by moving them between valid parking slots. An example of a

Parking problem is illustrated in Figure 2.3.
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Transport

In the Transport domain, the task is to deliver a number of packages to their destinations using

a number of trucks. Each truck has limited capacity. The actions correspond to moving a

selected truck between two locations connected by a road, as well as loading and unloading

packages. Unlike in the No-mystery domain, there is no limit on the distances the trucks can

cover. As a result, greedy search can return plans much longer than the optimal ones.

2.2 Supervised Learning

Supervised machine learning is the type of machine learning concerned with learning to predict

the value of a label (dependent variable) given the values of the features (independent variables).

Supervised learning models are trained on labelled data, consisting of examples for which the

values of both features and labels are known. The trained model is expected to correctly predict

the values of the label for examples unseen during the training. The two most common types of

supervised learning are classification and regression. In classification, the labels are categorical

values, assigning each of the examples to a particular class. An example of classification is

the detection of a particular type of artifact in images, i.e., classifying the images into two

classes: the ones which contain the artifact and the ones which do not. On the other hand, in

regression, the label values are numerical. An example of a regression problem is predicting the

house prices based on features such as the floor area, distance to underground station, crime

rating etc.

Another type of supervised learning is learning to rank. The objective here is to provide the

correct ranking of a number of examples, e.g., to order a list of recommendations presented to

a customer of an online service. Learning to rank is not necessarily disjoint from classification

and regression. For example, an intermediate product of a ranking mechanism can be a scalar

value for each of the examples. The value can then be used to sort them in ascending order.

In such a case, the key difference between ranking and regression is the training objective: in

regression, the model is expected to predict some real-world quantity as accurately as possible,
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while, with a ranking objective, the predicted numbers are irrelevant, as long as they lead to

a correct ordering of the samples. In many ways, a ranking setting more closely reflects the

purpose of a heuristic function, which is only used to indicate that some environment states

are preferable to others [GKLP16]. We follow the ranking approach in our work on learning

heuristic functions, presented in Chapter 4.

2.2.1 Ranking Support Vector Machines

Support Vector Machines (SVMs) [BGV92] are among the most common supervised learning

algorithms. When used for classification, SVMs work by constructing a separation plane which

correctly divides the feature space into two classes while maintaining as large margin between

the data points and the separation hyperplane as possible. Ranking Support Vector Machines

(RSVMs) [Joa02] are a particular type of SVMs designed for learning to rank. The input to

an RSVM is a sequence of samples x1, ..., xn, ordered according to the ground-truth ranking.

Assuming a linear model, the learning process corresponds to solving the following optimization

problem:

min
w

||w||2 + C
n∑
i=1

n∑
j=i+1

ξij

subject to: x>i w ≥ x>j w + 1− ξij ∀i, j : i < j

ξij ≥ 0 ∀i, j

where w is the vector of trainable weights (one for each of the features), C is a constant

hyperparameter and ξij is the slack variable for the sample pair 〈xi, xj〉. The constraints state

that for all pairs of samples 〈xi, xj〉, such that i < j (i.e., xi is ranked higher than xj), the value

of the dot product x>i w should be higher than that of x>j w by at least one. This is to ensure that

the value of the expression x>w will correctly order the samples. The slack variables ξij in the

constraints cater for cases when the separation criterion is not satisfied, i.e., x>i < x>j + 1, i.e.,

the margin between the examples is less than 1 or even negative. The optimization objective

minimizing the sum over ξij, ensures that such misranking cases are minimized.

By rearranging the constraints, we can obtain a problem corresponding to traditional formula-
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tion of SVM for linear classification [Joa02]:

(xi − xj)>w ≥ 1− ξij ∀i, j : i < j

ξij ≥ 0 ∀i, j

In this formulation, the examples for classification are pairs 〈xi, xj〉 and the task is to classify

them as correctly or incorrectly ranked.

A trained RSVM model can provide rank an unseen example x by computing x>w.

2.3 Reinforcement Learning

Reinforcement learning is a type of machine learning, in which an agent uses its own experience

to learn from how to best interact with its environment. The agent observes how the state of the

environment changes in response to the agent’s actions. At every step, it also receives a scalar

reward signal, informing the agent how well it is doing. A reinforcement learning agent aims to

maximize the (possibly discounted) sum of rewards it is going to observe. The reinforcement

learning setting is usually defined using Markov Decision Processes (MDPs).

Definition 2.4 A Markov Decision Process (MDP) is a tuple 〈S,A, p(s, a, s′), r(s, a), γ〉, whose

components are defined as follows:

• S is the set of states of the environment;

• A is the set of actions which the learning agent can take;

• p(s, a, s′) : S × A × S → [0, 1] is the state transition function: the value of p(s, a, s′) is

the probability of transitioning to state s′ given that action a is taken in state s;

• r(s, a) : S × A → R is the reward function: the value of r(s, a) is the expected reward

received by the agent when it takes action a in state s;

• γ ∈ [0, 1] is the discount factor deciding how much an immediate reward is preferred to

one delayed by one time step.
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The reinforcement learning tasks we consider in this thesis are episodic. This means that the

agent’s interaction with the environment is naturally divided into finite-length sequences of

steps. These sequences are called episodes. In Chapters 5 and 6, where reinforcement learning

is used to learn search policies, an episode corresponds to a single run of a planner on a single

problem, which terminates when the problem is solved or when the search runs out of time.

The objective of a reinforcement learning agent is to maximize the expected return G, defined

as a discounted sum of rewards observed in an episode:

G =
T∑
t=1

γtrt (2.1)

where T is the length of the episode and rt is the reward observed at time step t.

To maximize G, the agent learns a policy, which is a (possibly stochastic) mapping from the

environment states to the agent’s actions. A deterministic policy is a function πd : S → A,

mapping an environment state s to an action a. In the stochastic setting, a policy is a function

π : S → P(A), where P(A) the set of probability measures on A. The probability assigned by

policy π to action a given that the agent is in state s is denoted as π(a|s).

Many reinforcement learning algorithms are based on learning a state value function V (s) or

state-action value function Q(s, a). V (s) is the estimated return received from state s to the

end of the episode. Q(s, a) is the estimated return from state s, given that the action taken

from that state is a. Values of Q(s, a) implicitly define the agent’s policy: the policy optimal

with respect to the Q function is one that in every state chooses the action for which Q(s, a) is

the highest.

An alternative to computing the value functions is working with policy parameters directly. This

approach is naturally suited to learning stochastic policies, unlike value-based methods, which

result in deterministic policies. Policy gradient is a reinforcement learning approach which

performs direct policy search using stochastic gradient ascent. We discuss policy gradient in

more detail in Section 2.3.1.
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2.3.1 Policy Gradient

Policy gradient methods use the recorded returns to directly update a representation of the

agent’s policy. The approach relies on the observation that the gradient of the agent’s perfor-

mance with respect to the policy parameters only depends on the gradient of the policy with

respect to its parameters θ, the state-action value function q(s, a) and the state distribution

µ(s), but not on its derivative [Wil92, SB18]:

∇θEG ∝
∑
s

µ(s)
∑
a

q(s, a)∇π(a|s) (2.2)

Intuitively, Equation 2.2 states that, for every state-action pair 〈s, a〉, the gradient of agent’s

performance is affected proportionally to: (i) how often the state is encountered (µ(s)), (ii) the

state-action value for the pair (q(s, a)), and (iii) the gradient of the action’s probability in the

considered state (∇θπ(a|s)).

The REINFORCE algorithm [Wil92] follows the policy gradient approach by computing a

sample of ∇EG after every episode and using it to update the policy parameters. In the case

when nonzero reward is only observed at the end of the episode and is not discounted (γ = 1),

the sample of the value function is simply the observed return G. The states occurring in the

episode serve as a sample of µ(s). For every time step i of the episode the policy parameters

are updated using the following expression:

∆θ = αG
∇θπ(ai|si)
π(ai|si)

(2.3)

where α is the learning rate, G is the return for the episode, si is the state at i-th step of the

episode and ai is the action taken from that state. Division by π(ai|si) corrects for the fact

that actions for which π(a|si) is higher are sampled more frequently.

To reduce the variance of the parameter update, a baseline function b(s) of the state, which

itself does not depend on the policy parameters, is often subtracted from the observed return.
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∆θ = α(G− b(s))∇θπ(ai|si)
π(ai|si)

(2.4)

A natural candidate for the baseline function b(s) is the current estimates of the state value

function. An example of such estimate is the average of all returns G for episodes passing

through state s. This approach is an instance of an actor-critic method, as it jointly learns the

policy π (the actor) and an estimate of the state value function b (the critic).

In Chapter 5, a policy gradient approach is used to learn stochastic search policies, tasked with

choosing search routines depending on the state of the search.

2.4 Evolution Strategies

Evolution strategies (ES) are black-box stochastic optimization methods built around the idea

of maintaining a population of solutions and iteratively updating it based on relative perfor-

mance of the solutions in the current population. Examples of evolution strategies include

the cross-entropy method (CEM) [Rub99], covariance matrix adaptation (CMA) [HO01] and

Natural Evolution Strategies (NES) [WSG+14]. In recent years, evolution strategies have been

successfully applied to a number of policy search problems, including many (deep) reinforcement

learning problems such as, for example, the Atari games [MRG03, SHCS17, CLH18, CMS+18].

Policy search with evolution strategies has a number of advantages compared to gradient-based

methods. In particular, it is able to work with non-differentiable policy parametrizations, han-

dle arbitrarily delayed rewards, and does not require learning of a value function. In Chapter

6, CEM is used to learn search policies in a mixed discrete-continuous action space generated

by a parametrized search routine template.

2.4.1 The Cross-Entropy Method

The cross-entropy method (CEM) [Rub99, dBKMR05] is a member of the ES family of op-

timization algorithms. The approach maintains a parametrized distribution over the possible
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solutions. At every iteration, the distribution is updated to maximize the likelihood of the

highest-scoring solutions.

Formally, given a possibly stochastic function s(x),x ∈ X , whose value we want to maximize,

the cross-entropy method introduces an auxilliary distribution fv(x) over X . The distribution

is itself parametrized by vector v. At every iteration t, n samples x
(1)
t ,x

(2)
t . . .x

(n)
t are drawn

from the current distribution and evaluated. To select m best solutions (m < n), a threshold γt

is introduced, equal to the m
n
·100-th percentile of the candidate scores s(x

(1)
t ), s(x

(2)
t ) . . . s(x

(n)
t ).

The distribution is then updated to maximize the likelihood of observing the m best samples

by solving:

ṽt = argmax
v∈V

1

N

N∑
i=1

I
s(x

(i)
t )>γt

log fv(x
(i)
t ) (2.5)

where I
s(x

(i)
t )>γt

is the indicator variable of the event s(x
(i)
t ) > γt, i.e., it takes the value of 1 if

s(x
(i)
t ) > γt and the value of 0 otherwise.

To prevent premature convergence to a local extremum, the changes of the distribution can

also be smoothed by computing a weighted sum of the previous parameters and the solution of

Equation 2.5 [dBKMR05]:

vt+1 = αṽt + (1− α)vt (2.6)

where α is the smoothing factor.

In the particular case when fv(x) is a multivariate Gaussian distribution, with mean and co-

variance given by v, solving the Equation 2.5 amounts to setting ṽt to the mean and covariance

of the m samples above the performance threshold γt.

The result of the optimization process after a number of iterations T is the mean of the final

distribution fvT+1
.
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Related Work

In this chapter, we present the landscape of scientific work related to the contributions of this

thesis. We first examine the existing learning approaches to classical planning. We then step

outside planning and discuss examples of machine learning applications in other combinatorial

search problems, such as SAT-solving and automated theorem proving. We also provide an

overview of work combining multiple search techniques, which is related to our work on learning

the search policies. Finally, we discuss approaches in which elements of planning are used within

reinforcement learning algorithms.

3.1 Learning in Classical Planning

Learning and planning have been combined in many ways and with many objectives. The

foundational classical planning paper [FN71] was soon followed by a learning extension [FHN72],

which learned macro operators, i.e., compositions of multiple operators, which can then be

considered atomically, as additional operators. This allowed planners to automatically create,

and switch between, different levels of abstraction. Since then the problem of learning macro

operators has been considered by numerous works [DS77, Kor85, BEMS05, CS07]. The PbP

planner [GSV09] is a portfolio planner which automatically constructs sets of macro operators

for each of its component planners.

44
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Learning has also been used to induce domain-specific rules to guide the planner’s search [LZ98,

YFG08, dlRCB08, dlRCFB11]. The rules control the search by suggesting the next operator

or goal proposition to be considered by the planner. For example, a learned rule might state

the preference for loading the package to the truck if they are both at the same location, which

is not the package’s destination. Subsequent work has also explored weighted combinations of

multiple search control rules, where both the rules and their weights are learned [XFY10]. In an

extreme case, the control rules can be used without search, as purely reactive policies indicating

the next action to be taken (for example [Kha99, MG04, TTTX18]). However, in general, in

the classical planning setting, the reactive policies have struggled to match the performance of

search-based planners [YFG08]. Learning reactive policies is also close in spirit to the objective

of generalized planning [CAJ19], which aims at computing plans which solve multiple problems

representing the same domain. Learning search control rules is related to the task of learning

search policies, which we introduce in Chapters 5 and 6. The key difference is that the control

rules are learned at the level of specific planning operators, while our search policies are learned

in the space of possible search algorithms.

A natural way of assisting planning with learned knowledge is to learn a heuristic function to

guide best-first search of the planner [YFG06, YFG08, VBA13, GKLP16]. Such approaches

typically base their feature representation on the computation of existing, hard-coded heuristic

functions. When all the learning features are values of existing heuristics, the learning amounts

to finding a weighted sum of multiple functions, which will most accurately predict the actual

cost of reaching the goal from the evaluated state [VBA13]. Computing multiple heuristic

functions, however, significantly increases the time required to evaluate a state. On the other

hand, when learning is based on features extracted from the computation of a single heuristic,

learning can be viewed as an attempt to improve on the original heuristic by using additional

information extracted from its approximate plan [YFG06, YFG08, GKLP16]. In other related

works, learning has been used to learn domain-specific ranking functions for node selection in

beam search [XFY07, XFY09]. To the best of our knowledge, no work has attempted learning

heuristic functions in a domain-independent setting before the developments presented in this

thesis. Only very recently, a new approach was proposed, considering both domain-dependent
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and domain-independent settings when learning from a hypergraphs representing a delete-

relaxation of the problem. The learning mechanism is based on graph neural networks [STT20].

In addition to improving planner’s performance, learning has also been used to refine incomplete

planning models or even to acquire them from scratch, using either symbolic inputs (for example

[YWJ07, ACO19]) or image representation of recorded traces [AF18, Asa19]. A detailed survey

of learning approaches in classical planning has been conducted by Jimenez et al. [JDFB12].

3.2 Learning in Search

Machine learning has also been used to support search in tasks other than classical planning.

Tasks such as theorem proving or deciding the satisiability of a given formula are closely related

to planning. The common challenge is the search for sequence of steps that will lead to a state

satisfying a certain property. One prominent example is learning to select the next formula

transformation in a Satisfiability Modulo Theory (SMT) solver [BBV18]. Other work considered

training neural networks directly to predict the satisfiability of a boolean formula [SLB+19].

Learning has also been used to indicate the next variable to be assigned in a Quantified Boolean

Formula (QBF) [LRS18] or to guide the search in automated theorem proving [KUMO18].

Machine learning has also been applied to a number of combinatorial optimization problems,

such as the Travelling Salesman Problem (TSP) [VFJ15] or Mixed Integer Linear Programming

(MILP) [BLBMT18]. For a survey of machine learning approaches to combinatorial optimiza-

tion see [BLP18].

3.3 Planning with Multiple Techniques

By combining multiple search approaches, our work on learning the search policies is also related

to existing literature on planning with multiple algorithms. Such approaches typically perform

a number of independent search runs, each using a different algorithm. This idea underlies the
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original Fast Forward planner [HN01], which first attempts to solve the problem using the very

greedy but incomplete approach of enforced hill-climbing. If this fails, the planner switches to

complete best-first search. The LAMA planner [RW10] aims to make the best use of available

time limit by performing multiple runs of weighted A* with decreasing weights. The idea is to

quickly find a potentially costly solution using greedy search and then try to improve on it by

restarting the search with a more conservative approach.

The idea of performing a number of independent search runs is taken even further in portfolio

planners (for example [HRK11, CDF16, SKS+19]), which divide the available time among a

number different, potentially unrelated, algorithms. When many planners are involved in a

portfolio, the question of choosing among them becomes a challenging problem itself. Fast

Downward Stone Soup uses a simple hill-climbing approach to portfolio configuration: given a

set of training instances a portfolio is constructed iteratively by considering possible additions

and evaluating the resulting set of planners. The IBaCoP (Instance-based Configured Portfolio)

[CDF16] takes a more advanced approach based on learning of predictive models, which are

used to reconfigure the portfolio for each encountered problem. The learned models predict

whether a given problem will be solved by a given planner and estimate the planner’s running

time. This information is used to select a subset of the available planners and to assign them

individual time limits. A similar approach is used by Delfi [SKS+19], which uses a performance

predictor trained on an image representation of the planning problem structure to select one of

the component planners.

The multi-algorithm approaches discussed so far rely on division of the available time among

multiple independent planners. While such approaches have demonstrated very strong perfor-

mance in planning competitions, their performance is necessarily bounded by the performance

of their components. To advance the state of the art, new search approaches and heuristics are

necessary. The exisiting work on combining multiple search techniques within a single search

run has been limited. Xie et al. [XMH14] have augmented best-first search with an exploratory

technique, such as local search and random walks. Their search algorithm defaults to greedy

best-first search and switches to the exploration when the search fails to progress for a given

number of expansions (the progress is measured by changes in the lowest known heuristic value).
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A similar approach is taken by Lipovetzky and Geffner [LG17], who use width-based search as

the exploratory technique (other contributions of that paper include using the novelty measure,

along with the heuristic, to order the open list, and a planner performing two independent runs,

with the first one aggressively pruning states of low novelty). The algorithms using a single

exploration technique are naturally limited to just two search approaches and a manually spec-

ified criterion for switching between them. The work presented in Chapters 6 and 5 adopts

a different approach, in which many search techniques are available to the planner and the

problem of choosing between them, given the state of the search, is handled using a trainable

search policy.

3.4 Model-Based Reinforcement Learning

So far, the work on planning and learning discussed in this chapter focused on applications of

machine learning techniques to planning problems. On the other hand, elements of planning

have been a part of many reinforcement learning approaches. Adding some form of model-

based planning to a reinforcement learning system can improve its sample efficiency, by allowing

learning from ’imagined’ traces in addition to the observed ones. Furthermore, a learned model

can be used to perform a look ahead, helping to inform the choice of action by considering

future states and rewards. One of the first examples of model-based reinforcement learning is

the Dyna architecture [Sut90, SSGB08], which uses the agent’s interaction with the environment

to learn both the policy and a model of the environment. The model predictions are used to

further improve the policy, without additional interactions with the environment. More recently,

model-based approaches have been integrated with deep reinforcement learning (for example

[OGL+15, SvHH+17, PLV+17, GWA+18]). Monte-Carlo tree search using a model encoding the

rules of the game has been at the core of AlphaGo [SHM+16] and AlphaZero [SSS+17] systems,

which achieved superhuman performance in the games of go, chess and shogi. In recent work,

similar performance was achieved using a learned model instead of a manually specified one

[SAH+19]. Tree-search using a model optimized directly for prediction of rewards and value

functions allowed the approach to achieve state-of-the-art results on the Atari suite, in which
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model-based approaches previously struggled to match the performance of the best model-free

learners.

3.5 Summary

In this chapter, we presented an overview of existing literature at the intersection of planning

and learning, with a particular focus on learning as a mean of improving the performance of

classical planners. We also discussed existing approaches combining multiple search techniques

in a single planner, which are related to our work presented in Chapters 5 and 6. In the

remainder of this thesis, we will revisit the approaches most relevant to our work, and discuss

them in more detail. For a systematic survey of learning approaches in planning we refer the

reader to [JDFB12].
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Learning Heuristic Functions

The heuristic functions used in classical planning are typically hand-crafted algorithms. Exist-

ing approaches to learning heuristic functions are limited to domain-dependent settings: the

heuristics are learned for a particular planning domain [YFG08, GKLP16]. In this chapter, we

consider the problem of learning domain-independent heuristics. We aim to investigate whether

useful heuristics can be learned without tying them to a particular domain and thus losing the

generality of the planner. In our approach, the heuristics can be trained on data representing

multiple domains and then deployed on any domain, including unseen ones.

The learning setting takes the supervised learning approach. A number of training problems are

solved using existing planners. Each of the environment states lying along the computed plans

becomes a training example. The machine learning model trained on this data is then used

to provide the heuristic evaluation of unseen states, encountered while solving new planning

problems.

In line with existing work on learning domain-dependent heuristics, we use state features ex-

tracted from computation of existing heuristic functions. Our experimental evaluation shows

that in many cases the heuristics learned in a domain-independent setting offer a performance

improvement over the original heuristic. Some of the ideas presented in this chapter, as well as

the results of preliminary experiments are the subject of our paper presented at the Workshop

on Architectures for Generality and Autonomy at IJCAI 2017 [GARB17].

50
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The remainder of the chapter is structured as follows. In Section 4.1, we provide the motiva-

tion for our domain-independent approach. Section 4.2 discusses the related work on learning

heuristic functions. In Section 4.3, we introduce a domain-independent representation of the

environment states. Section 4.4 details the learning, while Section 4.5 describes our training

data. We empirically evaluate the performance of the learned heuristics in Section 4.6 and

summarize our findings in Section 4.7.

4.1 Motivation

The motivation for learning domain-independent heuristics is twofold. First, one of the key

features of classical planning is the ability of the planner to handle problems representing

multiple domains, including ones not seen previously. This is what motivates the use of domain-

independent languages, formalisms and search algorithms in planning. Naturally, the research

in classical planning relies on the assumption that techniques which work well on a number of

known domains are also likely to be useful in other domains, even if they are not yet known. The

planners’ performance on unseen domains is tested, among others, by the International Planning

Competition, which adds new domains in every edition. By learning a domain-independent

heuristic we preserve the domain-independence of the planner. Rather than using learning to

acquire domain-specific knowledge, we explore the possibility of using it to advance domain-

independent planning.

Our interest in learning domain-independent heuristics is also inspired by the study of real-

world systems in which a planner is used as a low-level problem solving mechanism [BSM+16,

BMPR17]. Such systems are typically dynamic and open-ended. As a result, the domains faced

by the planners are subject to change, for example when a new mode of transport or payment

method is added to the system. Planning in such a setting requires domain independence,

including the ability to handle unseen domains. On the other hand, dynamically created

domains resulting from addition or removal of certain components are likely to exhibit similar

properties, which makes learning from the planner’s experience a promising approach.
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4.2 Related Work

Learning heuristics is a natural way to learn from planners’ experience: a learned heuristic

function can be easily combined with a standard search algorithm, such as best-first search.

However, the existing work on learning heuristics has been restricted to domain-dependent

settings, in which the learned heuristic function is specific to one planning domain [YFG06,

YFG08, PZ08, AZH11, VBA13, GKLP16]. The work by Yoon et al. [YFG06, YFG08] uses

features extracted from the computation of a relaxed plan heuristic to learn a linear model.

A similar approach is taken by Garret at al. [GKLP16], who use approximate plan features

to train a Ranking SVM model. The ranking approach is motivated by the fact the heuristic

value is only used to discriminate between states encountered while solving a given problem.

This objective is naturally encoded in a ranking model. The training examples become pairs of

states representing the same state space. This is in contrast with a regression for the distance to

the goal, in which case states from multiple plans are treated jointly. Empirical results confirm

that the ranking approach compares favourably to a regression. The domain-dependent single

and pairwise action features [GKLP16], which we discuss further in Section 4.3, are the basis

of many of the domain-independent features introduced in this chapter.

4.3 Feature Representation

Providing a feature representation is a key challenge in learning a heuristic function. Since

the work presented in this chapter is focused on learning domain-independent heuristics, the

feature representation cannot depend on particular planning domain, for example by referring

to particular object or action types. In its purest form, the learning process should use simple

features, directly extracted from the description of the planning problem and the current en-

vironment state. However, learning from such simple features has proven very hard. In most

cases, the heuristics trained on top of such features perform much worse than state-of-the-art

domain-independent planning heuristics [GARB17]. A common approach in recent works on

learning domain-dependent heuristics [YFG08, GKLP16] is to build a feature representation
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based on the approximate plans constructed by one of the existing domain-independent heuris-

tics. It can be argued that deriving the feature representation from the computation of an

existing heuristic effectively changes the learning task to learning a correction of the original

heuristic. In this work, we follow a similar approach, adapted to a domain-independent setting.

The meaning of our features is therefore never tied to a particular planning domain.

In line with previous work on learning domain-dependent heuristics [GKLP16], we consider

features extracted from the computation of Fast Forward (FF) and context-enhanced additive

(CEA) heuristics. The CEA heuristic [HG08] is based on ideas similar to the additive heuristic

[BLG97, BG01], which uses a relaxed version of the problem to construct relaxed plans for

each of the goal propositions, and then uses a sum of the plans’ costs as the heuristic value. In

a nutshell, CEA differs from plain additive heuristic by retaining more information about the

effects of the original operators. Rather than ignoring them as a part of the relaxation process,

it uses some of them to create contexts, in which subseqent propositions are evaluated. The

common property of FF and CEA is the construction of an approximate (partially-ordered)

plan, whose cost is used as the heuristic value for the evaluated state. Extracting features form

the plan allows for retaining more information than just the plan’s cost. Concretely, we work

with three groups of features. The first is extracted directly from the plan. The two other

groups are domain-independent single and pairwise action features, inspired respectively by

the domain-dependent single and pairwise action features used in existing work on learning

domain-dependent heuristics [GKLP16].

Approximate plan features The features extracted directly from the approximate plan

include the value of the heuristic itself (the cost of the approximate plan) as well as additional

information related to the length of the plan and the amount of relaxation used in the process

of constructing it. This group of features includes:

• The value of the original heuristic (FF or CEA).

• The total number of operators used in the approximate plan.
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• The total number of ignored effects of operators in the approximate plan: under the

MPT formalism, the approximate plans are computed using unary operators. The unary

operators are derived from the original ones by keeping only one of their effects. The

number of ignored effects is computed as nign =
∑

o∈P (| eff(o)| − 1), where eff(o) is the

set of effects of the original operator for a unary operator o included in the approximate

plan P .

• The average number of ignored effects in the approximate plan (ratio of the two numbers

above).

• The number of layers in the approximate plan’s graph.

Single action features The single action features considered by the previous work [GKLP16]

are the numbers of occurrences of each of the operator schemata in the approximate plan.

This information is inherently domain-dependent, as the operator schemata (as well as their

number) vary between domains. In this chapter, we consider a set of domain-independent single

action features, which we define as quantiles (specifically, the three quartiles) of the domain-

dependent single action features distribution. The first step for obtaining domain-independent

features is to compute the domain-dependent ones, i.e., the numbers of occurrences of each

operator schema. The three domain-independent features represent the quartiles of this set of

domain-dependent features, i.e., numbers q1, q2, q3, such that a quarter, half, and three quarters,

respectively, of the action schemata occurred no more times than q1, q2 and q3.

Pairwise action features The pairwise action features from the previous work encode re-

lations between the operators included in the approximate plan. Specifically, they are Boolean

matrices of size nos × nos, where nos is the number of operator schemata in the domain. The

element at the intersection of row and column representing two schemata is true if, in the

approximate plan, an instance of one schema precedes an instance of the other schema. Oth-

erwise, the element is false. Similarly, the second matrix encodes situations when an instance

of one schema is used in the plan to satisfy a precondition of an instance of the other schema.
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In our domain-independent approach, we first construct the domain-dependent features and

then build two domain-independent features on top of them. Specifically, we first construct

matrix F pair
nos×nos

which is an elementwise conjunction of the two matrices above, i.e., an element

is 1 if one of the schemata precedes the other and its effect is the other schema’s precondition.

Otherwise, the element is 0. Intuitively, a value of 1 indicates that an instance of one schema

likely depends on an instance of the other to achieve one of its preconditions. Our domain-

independent features are the number of true elements in F pair and the number of symmetric

dependencies, i.e., cases when F pair
ij ∧ F pair

ji holds.

In addition to the features extracted from the approximate plans, our feature set includes the

number of goal propositions not satisfied in the evaluated state (i.e., the value of the goal count

heuristic).

4.4 Learning Algorithm

In line with recent work on learning domain-dependent heuristics [GKLP16], we adopt a Rank-

ing SVM [Joa02] as the learning mechanism. Given a number of training plans (n), the learning

examples are all the pairs of states occurring in the same plan. We denote the feature repre-

sentation of a state sij occurring at the j-th position in the i-th training plan as φ(sij). The

SVM optimization problem takes the following form:

min
w

||w||2 + C

n∑
i=1

mi∑
j=1

mi∑
k=j+1

ξijk

subject to: φ(sij)
>w ≥ φ(sik)

>w + 1− ξijk ∀i; ∀j, k : j < k

ξijk ≥ 0 ∀i, j, k

where w is the vector of trainable weights, C is the regularization parameter, n is the number

of training plans, mi is the number of states along the i-th training plan and ξijk is the slack

variable for j-th and k-th states of plan i. The leftmost sum is over the training problems, the

latter two iterate through all pairs of states, just like the standard RSVM formulation in Chapter
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2. Throughout the rest of the chapter, we use the default value of the regularization parameter

C = 1. Preliminary experiments with different values of C have shown no improvement over

this configuration.

4.5 Training Data

In this section, we describe the process of collecting the data necessary for learning the heuristic

functions. As hinted before, we only use optimal plans in training. This ensures that there

is no noise in the training data, i.e., all states along the plan trajectories are ordered by their

factual distance to the goal. Naturally, this puts a practical constraint on the maximum size of

the planning problems used for training: finding provably optimal solutions in reasonable time

is only feasible for relatively small planning problems. We made the decision to restrict the

training setting to optimal plans after preliminary experiments with data that also included

suboptimal solutions to larger problems, which turned out not to improve the performance of

the learned functions.

For the experimental evaluation presented in this chapter, we use the four IPC domains of

Transport, Parking, Elevators and No-mystery. The same set of four domains has also been

used by previous work on learning domain-dependent heuristics [GKLP16]. Compared to the

set of domains we use in later chapters for evaluating learned search policies, we exclude the

domain of Floortile. The main reason for this is that, with our approach learning from optimal

solutions, gathering enough data points would not be feasible (the Floortile problems small

enough to be solved optimally are too similar to one another to gather a number of unique

samples comparable with what is feasible for the other domains).

The training problems were generated using the problem generators provided by the organizers

of the learning track of IPC 20141. Below, we list the values of the parameters passed to

the generators. Overall, the data set consists of solutions to randomly generated problems

representing the following problem distributions:

1http://www.cs.colostate.edu/~ipc2014/

http://www.cs.colostate.edu/~ipc2014/
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• three distributions of Transport problems generated using parameters corresponding to

Problems 2, 12 and 22 of the demonstration problem set of IPC 2014: the maps contained

between 4 and 10 locations, each connected to two other locations, 2 trucks and 4 packages

to deliver;

• four distributions of Parking problems: 4 curbs with 6 cars, 5 curbs with 7 cars, 5 curbs

with 8 cars and 6 curbs with 8 cars;

• Elevators problems with 12 floors, 3 passengers, area factor of 6, 1 fast elevator and two

slow ones, all of capacity 4;

• No-mystery problems with 6 locations, 6 packages and a quality constraint of 1.1;

For each of the domains, we aimed for a dataset containing about 20000 examples. This

amounted to using solutions of 1000 Transport, 1803 Parking, 1002 Elevators and 1005 No-

mystery problems.

4.6 Evaluation

We evaluate the learned heuristic functions in two settings. The first one contains relatively

small instances of all the four domains. In the case of Transport, we use the demonstration

set of 30 problems published by the organisers of the IPC 2014 learning track. To match the

Transport setting, for the remaining domains, we use randomly generated sets of 30 problems of

increasing size, roughly matching the difficulty of the Transport set, in the sense that a similar

proportion of the problems can be solved by the baseline planner using GBFS with either FF or

CEA heuristic, with a time limit of 1 minute. The second setting uses larger problems, sourced

from the satisficing track of IPC 2011 and a time limit of 3 minutes (this matches the setting

we use for evaluating the search policies learned in Chapters 5 and 6).

To evaluate the learned domain-independent heuristics, we perform cross-validation across the

four domains. For each of the test sets, a heuristic function is learned on the three remaining
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Elevators No-mystery Parking Transport Sum
FF 2.46 8.48 18.71 8.48 38.13
Learned (FF) 14.2 12.73 21.29 8.46 56.68
Learned (FF, DS) 3.14 11.73 19.61 11.48 45.96
Learned (FF, DD) 2.7 12.81 21.39 12.62 49.52

FF (unary costs) 26.49 8.48 18.71 13.91 67.59

Table 4.1: The IPC scores obtained by GBFS with different FF-derived heuristics on small
problems (time limit of 1 minute).

domains, excluding data from the domain in question. For comparison, we also evaluate the

heuristic functions learned in two domain specific settings. The first one uses the same domain-

independent features described above. However, the training involves only data representing the

target domain. For example, the heuristic for the Elevators domain is trained using Elevators

data, as opposed to combined data representing the other three domains. In Tables 4.1 –

4.4, this setting is denoted as DS for Domain (data) Set. The second reference setting is a

completely domain-dependent approach that uses target domain training data, as well as our

implementation of the domain-dependent features of Garrett et al. [GKLP16] instead of our

domain-independent features. This setting is denoted as DD for Domain-Dependent.

The IPC scores obtained on the small test problems by the heuristics learned with FF features

are reported in Table 4.1. The learned domain-independent correction of FF achieved higher

score than the base heuristic in three out of the four domains and practically the same score in

Transport. The comparison between the domain-independent and analogous domain-dependent

setting suggests that learning from data representing other domains rather than from the tar-

get one does not necessarily hurt the planner performance (domain-independent is better in

Elevators, worse in Transport, the is similar in No-mystery and Parking). An important caveat

is that we evaluate the domain-dependent learner in a setting which was primarily designed

for learning domain-independent functions. This influenced not only the feature representa-

tion, but also other design choices, for example the decision to learn from optimal solutions to

small problems, rather than suboptimal plans for larger instances. With small problems inher-

ently exhibiting limited variability, mixing data from multiple domains may have a regularizing

influence on the learner, thus putting the domain-dependent variant at a disadvantage.
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We initially only compared the learned heuristics to the original heuristic. As evidenced by

the upper section of Table 4.1, the comparison looked favourably for the learned domain-

independent functions, which generally outperformed the original heuristic. However, a closer

examination of the learned heuristics revealed that in many cases their behaviour amounted

to discarding the operator costs (the dominating feature was the number of operators in the

approximate plan). After making this observation, we decided to add a comparison against the

original heuristics computed in unary-cost setting (i.e. with the cost of all operators set to 1).

It turned out that search guided by the unary-cost heuristic outperformed our learned functions

in two out of the four domains. In particular, in the Elevators it was able to solve 28 out of 30

problems (as opposed to 19 problems solved by the learned heuristic and just 3 solved by the

original heuristic). We hypothesize that the reason behind the poor performance of the cost-

aware heuristics in this domain is the presence of zero cost operators, representing passengers

boarding and leaving an elevator. Such operators, although they are necessary to solve the

problem, and often present in the approximate plans, do not increase the value of the original

heuristic, which consequently fails to distinguish between many of the environment states.

Consider for example, a situation where a number of passengers need to board an elevator on a

given floor. The state before the first passenger enters the elevator has the same heuristic value

as the one after all passengers have boarded, even if the latter one is significantly closer to the

goal. By using features other than the value of the original heuristic, our learned correction

was able to recover some of the distance between the original and the unary-cost heuristic.

Importantly, the learned heuristic correction achieved scores higher than both the original and

the unary-cost heuristic in No-mystery and Parking domains, which do not assign operator

costs. In this domains, the base and unary-cost versions of the heuristic coincide, resulting in

identical scores. This shows that the learner can improve also on the unary-cost version of the

heuristic. One possible direction of future work is to only use the unary-cost version of the

heuristic to compute the state features, even in the domains where operators have costs, like

Elevators and No-mystery.

In Table 4.2, we report the IPC scores obtained on the IPC 2011 problems by the functions
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Elevators No-mystery Parking Transport Sum
FF 0 8.85 8.65 0 17.5
Learned (FF) 5.12 4.94 0.76 0 10.82
Learned (FF, DS) 0 4.94 0.79 0 5.73
Learned (FF, DD) 0 6.94 9.63 0 16.57

FF (unary costs) 17 8.85 8.65 0 34.5

Table 4.2: The IPC scores obtained by GBFS with different FF-derived heuristics on IPC-2011
problems (time limit of 3 minutes).

Elevators No-mystery Parking Transport Sum
CEA 12.11 4.97 19.53 17.9 54.51
Learned (CEA) 12.72 5.36 13.31 14.53 45.92
Learned (CEA, DS) 15.72 5.15 15.25 15.66 51.78
Learned (CEA, DD) 14.94 5.15 11.39 17.54 49.02

CEA (unary costs) 26.97 4.97 19.53 21.19 72.66

Table 4.3: The IPC scores obtained by GBFS with different CEA-derived heuristics on small
problems (time limit of 1 minute).

learned using FF features. These problems are even further in size from the optimally solvable

training problems than the first evaluation set. As a consequence, the relative performance

of the learned functions is worse and in most cases fails to match the original heuristic. The

exception is the Elevators domain, where they are still able to recover some of the distance

between the base and unary version of the original heuristic. These results indicate that there

is a limit to how far outside the training distribution the learned functions can generalize. This

suggests that for larger problems training using suboptimal solutions to larger problems may

indeed be necessary.

We originally developed our learning approach using features extracted from the FF heuristic.

However, since the features are extracted from the approximate plans, the approach can also be

used with any other heuristic constructing a plan approximation in the process of evaluating a

state [GKLP16]. Table 4.3 presents the IPC scores obtained by heuristics learned using features

extracted from the computation of the Context-Enhanced Additive heuristic (CEA) [HG08].

The learned heuristic functions achieve scores higher than the original heuristic in Elevators and

No-mystery domains and lower in Parking and Transport domains. As was the case with FF,

the unary-cost version of CEA generally outperforms other heuristics. Among the two domains

without operator costs, the heuristic learned using CEA features outperforms the unary-cost
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Elevators No-mystery Parking Transport Sum
CEA 1.37 5.77 3.69 5.48 16.31
Learned (CEA) 2.22 5.78 0 3.86 11.86
Learned (CEA, DS) 1.72 5.78 1.41 4.28 13.19
Learned (CEA, DD) 1.34 5.78 0 3.91 11.03

CEA (unary costs) 7.05 5.77 3.69 5.94 22.45

Table 4.4: The IPC scores obtained by GBFS with different CEA-derived heuristics on IPC-
2011 problems (time limit of 3 minutes).

CEA in No-mystery, but falls behind in Parking.

The scores obtained by CEA-based heuristics on IPC 2011 problems are reported in Table

4.4. Consistently with the FF case, the relative performance of the learned heuristics seems to

degrade on larger problems, which are more distant from the training instances. The learned

functions lose to both base and unary-cost CEA, with the exception of No-mystery, where their

scores are minimally higher.

4.7 Summary

In this chapter, we have adapted the idea of learning (corrections of) heuristic functions to

a domain-independent setting. We have introduced a domain-independent representation of

environment states, based on the computation of approximate-plan heuristics and domain-

dependent features introduced in previous works. In the experimental evaluation, we have

shown that in some cases the learned functions outperform the original heuristics on domains

not seen in the training process. The comparison against two domain-dependent approaches

suggests that learning from domains other than the target one is possible and often leads to

similar performance of the learned heuristic.

On the other hand, the behaviour of the learned heuristics in domains with operator costs falls

behind the unary-cost version of the base heuristic, only recovering a part of the difference

between the base and unary-cost versions of the original heuristic. The fact that the learned

heuristic functions often slot between the original heuristic and its unary cost version suggests

that the behaviour of the learned functions remains close to the original. Furthermore, the
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performance of the learned heuristics degrades significantly when testing on larger problems,

like, for example, full-scale IPC problems.



Chapter 5

Learning Search Policies with a Finite

Action Space

In this chapter, we introduce the task of learning search policies. The policies are responsible

for choosing the most appropriate way of proceeding with the search given its current state. We

first construct a search algorithm capable of alternating between a number of search routines

while solving a planning problem. We then define the task of learning to choose a routine given

a performance objective, a particular distribution of planning problems and the current state

of the search. The proposed approach is based on reinforcement learning with a discrete action

space comprising alternative search routines. At every step, a routine is chosen depending

on the state of the search. The choices are rewarded using the planner’s overall performance

with respect to the selected performance objective. Training on a given distribution of plan-

ning problem enables the discovery of distribution-specific search policies that maximize the

planner’s performance with respect to the given objective.

The approach presented in this chapter is focused on learning stochastic policies. With our

high-level representation of the search state, detailed in Section 5.4, the planner typically takes

a number of actions from any given state. In this setting, stochasticity of the search policy

allows it to explore combinations of multiple routines created by interleaving between them.

The ideas and results presented in this chapter have been published in a paper presented at

63
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the International Conference on Automated Planning and Scheduling (ICAPS) 2019 [GAR19].

The chapter is structured as follows. Section 5.1 relates our approach to existing work in the

field of classical planning. Our search algorithm alternating between multiple search routines

is introduced in Section 5.2. The general learning framework is detailed in Section 5.3. Section

5.4 presents a possible instantiation of the framework, which is then empirically evaluated in

Section 5.5.

5.1 Related Work

While learning search policies is itself a novel problem, our approach is related to some of

the existing work combining multiple search techniques in a single search run. A prominent

example of this is the work by Xie et al. [XMH14], where GBFS is supported with auxiliary

exploration mechanism whenever the search fails to make progress for a certain number of

node expansions. To determine progress, the algorithm keeps track of the lowest heuristic

value encountered since the search began. If the value has not changed for a given number of

expansions, the algorithm switches to the exploration mechanism. Two versions of the algorithm

are considered: one exploring using random walks and one with local search. A similar idea

underlies BFS with Width-Based Exploration [LG17], where the exploration mechanism is

width-based search [LG12].

Unlike our work, these approaches rely on manually specifying the primary (GBFS) and auxil-

iary search technique (random walks, local search or width-based search), as well as the criterion

for switching between the techniques. In our work, multiple search techniques are always avail-

able to the planner, without manually distinguishing between the primary and auxiliary ones.

The task of choosing among them, given the state of the search, is subject to a search policy

trained using a reinforcement learning algorithm.
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5.2 Planning with Alternating Search Routines

As a first step towards a planner that learns search policies, we introduce a planner capable

of alternating between multiple search routines. The general idea behind planning with alter-

nating search routines (ASR) is to encapsulate the operations determining the nature of the

search in a set of alternative routines. The routines are designed so that each call of a routine

applies an atomic change to the state of the search, e.g., a single node expansion. When the

learning approach is introduced in Section 5.3, the routines will correspond to actions in the

reinforcement learning framework.

Algorithm 2 outlines a planning approach that alternates between various search routines in

the process of solving a planning problem. In addition to the initial state s0, goal g and set of

operators O, the function takes as an argument a set of routines A. The algorithm chooses one

of the routines (line 4) and applies it to the current search frontier (open list) for a number

of steps (lines 5-10), after which another routine can be chosen. If application of the routine

results in finding a plan or exhausting the search space, the result is returned from the planner

(lines 7-9).

An example of a search routine intended for use with Algorithm 2 is shown in Algorithm 3. The

arguments of the function are the current search frontier (open list) and the set of planning

operators O. The routine removes a single search node from the open list (line 5) and expands it

using all applicable operators (lines 6-14). The successor states are added to the open list (line

12). If the node expansion is completed the routine returns the in-progress token. Otherwise,

it returns failure if the open list turned out empty (line 3), or the plan if a goal state has been

found (line 10). The routine can represent breadth-first, depth-first, greedy or ε-greedy search

depending on the implementation of the next and insert functions. It is also possible to come

up with other search routines, not necessarily fitting the template of Algorithm 3. For example,

a search routine could follow the search node expansion with a random walk starting at the

expanded state.
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Algorithm 2 Planning with alternating search routines

1: function PlanASR(s0, g,O, A)
2: open list← [s0]
3: while true do
4: routine← choose(A)
5: while some condition do
6: result← routine(open list,O) . open list is processed with routine
7: if result 6= in-progress then
8: return result . The result is a plan or failure
9: end if

10: end while
11: end while
12: end function

Algorithm 3 A generic search routine for ASR planning

1: function ASRroutine(open list,O)
2: if open list is empty then
3: return failure
4: else
5: sc ← next(open list)
6: for all o ∈ O applicable in sc do
7: s← o(sc)
8: if s � g then
9: plan← extract-ancestors(s)

10: return plan
11: else
12: insert(open list, s)
13: end if
14: end for
15: return in-progress
16: end if
17: end function
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5.3 The Learning Framework

Having introduced the concept of a planner alternating between multiple search routines, we

can proceed to consider the notion of search policies that define a probability distribution over

the available routines, given the current state of the search. In this section, we assume the

existence of a set of possible states of the search S given by possible assignments over a set of

variables VS, and a set of search routines A. Sets S and A form the basis of a reinforcement

learning task as defined in Chapter 2. A possible instantiation of S and A is presented in

Section 5.4.

Reinforcement learning policies are typically modelled using a trainable set of parameters. As

noted before, in this chapter we are primarily interested in learning stochastic policies. A

common way to parametrize a policy mapping each state s ∈ S to a probability distribution

over actions in A is to associate each state-action pair 〈si, aj〉 with a weight θi,j. The probability

of taking action ai (i.e., choosing routine ai) in state sj is then given by softmax over the weights

associated with that state:

π(aj|si) =
eθi,j∑
j

eθi,j
(5.1)

Algorithm 4 adapts Algorithm 2 to the learning setting. The changes include:

• an additional argument θ – the parameters of the policy, i.e., weights θi,j for all state-

action pairs 〈si, aj〉,

• computing features representing the planner’s state (line 4),

• choosing the next routine according to policy θ and the state features (line 5).

The search policies are learned using a policy gradient approach [Wil92] presented in Section

2.3.1. The learning process is outlined by Algorithm 5. The main loop of the process (lines

3-10) consists of sampling a problem from the set of training problems (line 4), running the

current planner N times (lines 5-7), and updating the policy parameters according to observed

performance of the planner (lines 8 and 9).
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Algorithm 4 Planning with a learned search strategy

1: function PlanASR(s0, g,O, A, tr, θ)
2: queue← [s0]
3: while true do
4: compute planner’s state features F . e.g. F = 〈far, early〉
5: routine← choose(A,F, θ) . select a routine from A, given F and θ
6: tstart ← now() . current time
7: while now()− tstart < tr do . keep applying the routine for time tr
8: result← routine(queue,O)
9: if result 6= in-progress then

10: return result . terminate with a plan or with a failure
11: end if
12: end while
13: end while
14: end function

Algorithm 5 Learning search strategies

1: function LearnStrategy(P,A, S,N, t)
2: θ ← zeros(|A| × |S|) . initialize all |A| × |S| weights to 0
3: while elapsed time < t do
4: p← sample(P ) . randomly choose one of the problems
5: for i = 1 to N do
6: Gi = score planner(θ, p) . run the planner on p, return the reward
7: end for
8: update V (s) for each s ∈ S, by averaging G for all past runs visiting s
9: update θ according to Equation 5.2

10: end while
11: return θ
12: end function
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The parameter update follows the REINFORCE algorithm [Wil92]. The equation for updating

the weights θ after running the planner N times on problem p takes form:

∆θ = α
1

N

N∑
i=1

Li∑
j=1

(Gi − V (si,j))
∇θπ(ai,j|si,j)
π(ai,j|si,j)

(5.2)

where α is the learning rate, Li is the length of episode i, Gi is the score obtained by the

planner for run i, si,j is the planner’s state at time step j of run i and ai,j is the action taken

from that state.

In our specific setting, in which the total number of state-action pairs is relatively small (the

instantiation of our framework introduced in the next section results in 20 state-action pairs),

it is computationally convenient to reorder the internal sum in Equation 5.2 by state-action

pairs (rather than time steps).

Introducing the term:

ζ(i, s, a) = (Gi − V (s))
∇θπ(a|s)
π(a|s)

(5.3)

we can rewrite Equation 5.2, reordering the internal sum by state-action pairs::

∆θ = α
1

N

N∑
i=1

Li∑
j=1

(Gi − V (si,j))
∇θπ(ai,j|si,j)
π(ai,j|si,j)

= α
1

N

N∑
i=1

Li∑
j=1

ζ(i, si,j, ai,j) =

α
1

N

N∑
i=1

(
ζ(i, si,1, ai,1) + ζ(i, si,2, ai,2) + . . .+ ζ(i, si,Li , ai,Li)

)
=

α
1

N

N∑
i=1

ζ(i, s1, a1) + . . .+ ζ(i, s1, a1)︸ ︷︷ ︸
ηi(s1,a1) times

+ζ(i, s1, a2) + . . .+ ζ(i, sn, am) + . . .+ ζ(i, sn, am)︸ ︷︷ ︸
ηi(sn,am) times

 =

α
1

N

N∑
i=1

∑
s,a

ηi(s, a)ζ(i, s, a) =

α
1

N

N∑
i=1

∑
s,a

ηi(s, a)(Gi − V (s))
∇θπ(a|s)
π(a|s)

(5.4)

where s1, s2 . . . sn are the environment states in set S; a1, a2 . . . am are the actions in set A; and

ηi(s, a) is the number of times action a was applied from state s in run i. The final form of the
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parameter update equation:

∆θ = α
1

N

N∑
i=1

∑
s,a

ηi(s, a)(Gi − V (s))
∇θπ(a|s)
π(a|s)

(5.5)

is more convenient because each value ζ(i, s, a) only needs to be computed once and the repeated

summation of equal terms ηi(s, a) is replaced by multiplication.

In the particular case of a softmax policy with the parameter vector θ containing one weight

for each state-action pair (si, aj), differentiation of the policy π with respect to the parameters

θ leads to the following expression for ∇θπ(a|s):

∂π(a|s)
∂θi,j

=


0, if s 6= si

1− π(a|s), if s = si and a = aj

−π(aj|s), if s = si and a 6= aj

(5.6)

5.4 Framework Instantiation

To instantiate the framework described in Section 5.3, we need to specify the set of search

routines A, the set of planner’s states S and the reward function. In this section, we present

possible design choices for each of the components. An empirical evaluation of the resulting

system is presented in Section 5.5.

5.4.1 Representation of the Planner’s State

The state set S can be specified by introducing a set of finite-domain variables VS that describe

the state of the planner. The set S is then the set of possible assignments over the variables of

VS. Here, we consider VS = {d, t}, a set of two high-level binary features of the planner’s state.
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Variable d is a binary heuristic estimate of the distance to the goal. Formally:

d =


0 if hbest < h0/2

1 otherwise

where hbest is the lowest value of the heuristic function encountered in the search so far and h0

is the value of the heuristic for the initial state. The value of d enables assessing the relative

progress towards the goal made by the search so far. Naturally, the quality of the estimate

depends on the quality of the heuristic.

Variable t is a binary encoding of how much time the planner has left to solve the problem:

t =


0 if telapsed < tmax/2

1 otherwise

where telapsed is the time elapsed from the beginning of the search and tmax is the total time

allocated for the search.

Intuitively, these two variables capture essential information about the state of the search. For

example, if d = 0 and t = 0, the situation is relatively promising, since substantial progress

towards the goal has been made early. If, on the contrary, d = 1 and t = 1, the search frontier

is still far from the goal, while time is running out. This may suggest that a change in the

search approach is necessary, for example by increasing the amount of exploratory behaviour,

even if it can negatively affect the quality of the plan.

In the remainder of this chapter, we refer to the states of the search described by d and t as

near (d = 0) or far (d = 1) and early (t = 0) or late (t = 1). Using a state representation

comprising two binary variables allows us to use a simple tabular variant of policy gradient,

explicitly storing one weight parameter for each state-action pair.
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5.4.2 Search Routines

The action set A includes the search routines available to the learning planner. Below, we

describe the routines included in our instantiation of the framework. The routines include

plain and randomized best-first search, random walks, local search and depth-first search. This

is a varied set of planning techniques which can fit in the template of Algorithm 4.

Greedy Best-First Search The first routine is plain greedy best-first search (GBFS) which

always expands a node with the lowest value of the heuristic function. A single step of this

routine extracts a single node of the open list, generates all of its successor nodes by applying

each of the applicable operators, and adds the successor nodes to the open list.

ε-Greedy Best-First Search Randomization of the order of node expansion is one of the

common modifications of greedy search [IK11, VSSX14, XMHI14, AF17]. A simple but effec-

tive technique is ε-greedy search, first applied in the context of classical planning setting by

Valenzano et al. [VSSX14]. It differs from plain GBFS by selecting a random node from the

open list with probability of ε and a node with the lowest value of the heuristic function with

probability of 1− ε. If a random node is to be selected, the probability of selection is uniform

across all the nodes in the open list. Throughout this chapter a fixed value of ε = 0.2 is used.

Greedy Best-First Search with Random Walks This method is inspired by Xie et al.

[XMH14]. A single step of the routine removes one node and expands it in a way analogous to

plain GBFS. Performing a full expansion of a node removed from the open list preserves the

completeness of a planner using this routine. If no decrease in the lowest known heuristic value

has been observed for the last s expansions, the expansion is followed by a single random walk

of length up to l, starting at the recently expanded node. The walk stops immediately if a state

with new lowest heuristic value is encountered. All the nodes encountered during the random

walks are added to the open list. In this chapter we use the parameters of s = 5 and l = 20.
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Local Search When local search routine is selected, a single node with lowest value of the

heuristic function is extracted from the open list and used to start a new (local) open list. The

local open list persists between the steps of local search, each of which consists of extracting a

single node, expanding it and adding its successors to the open list. When the action time limit

tr is reached, the local queue is merged into the global one by inserting all the nodes from the

local list into the global one. This preserves the completeness of the planner. If the local list is

emptied before time limit tr and the global list still contains unexpanded nodes, another node

is moved from the global list to the local one. This effectively starts new local search from the

recently moved node.

Heuristic-Guided Depth-First Search Similar to local search, depth-first search (DFS)

is performed using a local data structure. When the routine is selected, a single node with the

lowest value of the heuristic function is removed from the open list and placed on a stack. At

every step, a single node is popped from the stack and expanded. The descendants are placed

on the stack in the order of decreasing heuristic value, so that the next node expanded is the

most promising descendant of the current node. All the descendant nodes are also added to

the global open list. If the stack is emptied before time limit tr, another node from the open

list is moved to the stack and the search continues.

5.4.3 Reward Computation

The trade-off between the cost of the plan and the time required to find a plan (or the chance to

find a plan within a given time limit) is a central problem in satisficing classical planning. One

of the key advantages of learning search policies is the possibility of using the learning process

to directly optimize for any performance objective that can be estimated during training. This

includes performance measures commonly used in the planning community, such as problem

coverage or the IPC score, but may also be extended to other ways of assessing planner perfor-

mance, including application specific ones. For example, training of a real-world application of

the system could involve feedback based on end-user rating of the plans.
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In this chapter, we consider rewards based on three different performance objectives. In addition

to the traditional IPC score, they include the squared IPC score, which increases emphasis on

plan quality, and the time score, which is only concerned with how fast a plan is found.

IPC score The IPC score, first used in IPC 20081, is a common way of measuring the

performance of a satisficing planner. Given that a problem has been solved, higher scores are

awarded for plans of lower cost. For every solved problem, the planner receives between 0 and

1 point:

z =
cmin
c

where c is the cost of the plan returned by the planner and cmin is the lowest known cost of

a plan solving the problem. Typically, the value of cmin is designated by taking the minimum

over all the evaluated planners.

To provide a reward for training our system, we modify to the traditional IPC score in two

ways. First, we exclude the cost returned by the trained planner from the minimum operation,

allowing for a situation, where c < cmin and z > 1. This way, we can differentiate between

situations when the returned plan is as good as the best known so far (z = 1) and cases when

it is strictly better (z > 1). In cases when the trained planner solves a problem for which no

solution was known, and so cmin is not defined, the reward is set to a fixed value of 2. Intuitively,

the value of 2 models the advantage the trained planner can get by solving a problem not solved

by its competitors: it is 1 point more relative to the situation when the trained planner and a

competitor solve the problem with the same plan cost, in which case the reward is 1. Formally,

ripc =



cmin

cL
if both cmin and cL are defined

0 if only cmin is defined

2 if only cL is defined

where cL is the cost of the plan computed by the trained strategy.

1http://icaps-conference.org/ipc2008/deterministic/

http://icaps-conference.org/ipc2008/deterministic/
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This modified version of IPC score is only used as a reward in the training phase. Naturally,

when the trained planner is evaluated, it is treated on par with all the reference planners and

the cost of its plan is included in the minimum operator, effectively capping the maximum score

for a single problem at 1.

Squared IPC score The second performance measure we consider is the IPC score raised to

the power of two. The motivation behind it is to increase the emphasis on minimizing the cost of

the plan. For example, a planner returning a plan of cost two times higher than the best known

plan would only receive (1
2
)2 = 1

4
points. During training, we apply here the same modifications

as for the plain IPC score. We additionally cap the reward at 2, to prevent excessive premium

for performance strictly better than that of reference planners (similar to the plain IPC score,

the reward for solving a problem not solved by any of the reference planners is 2). Formally,

the score is defined in terms of ripc as follows:

ripc2 = min(r2
ipc, 2)

Time score The last performance objective we consider is based solely on the time required

to find a plan and disregards the cost of the returned plan. We define it as follows:

rtime =


T−t
T

if solved

0 otherwise

where T is the total time limit under which the planner is run and t is the actual time after

which the solution was found. The maximum score a planner can receive is 1, which is awarded

for solving the problem immediately. The score decreases proportionally to the time used by

the planner, down to 0 for the case when all available time is used. Failing to solve the problem

also results in a score of 0. The rationale behind this score is to incentivize the planner to a

plan as quickly as possible, no matter its quality. In disregarding the plan cost, our time score

is related to the coverage score, which is 1 if the problem is solved in time and 0 otherwise.
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Unlike coverage, the time score assigns higher reward for problems solved sooner. As a result,

it retains more information than coverage and better expresses the goal of finding a plan as

quickly as possible.

5.5 Evaluation

In this section, we present detailed results of experimental evaluation of the learning learning

approach introduced in this chapter.

5.5.1 Experimental Setup

The learner was evaluated using five IPC domains: Transport, Parking, Elevators, No-mystery

and Floortile. These are all the domains of the learning track of IPC 2014 [VCG+15], with

the exception of the Spanner domain, which was designed specifically not to work well with

delete-relaxation heuristics, such as FF, which we use throughout our experiments. This is

also a superset of the domains used in Chapter 4. The time allocated for solving a problem

was 5 seconds. The motivation behind the time limit is twofold. First, the training process

requires multiple runs of the planner (each of the runs corresponds to a single learning episode).

Given fixed computational resources, operating on a smaller time scale allows for performing

more episodes. Working with substantially larger time limits would also be challenging because

of the credit assignment problem, which arises because the planner’s performance can only

be assessed after its run. Since the reward is only assigned at the end of an episode, longer

episodes would further increase the average number of time steps between an action and the

corresponding reward.

As in Chapter 4, for each of the five domains, we used the problem generator provided by the

organizers of the Learning Track at IPC 20142. The parameters passed to the generators (such

as the number of trucks and packages for Transport) were chosen so as to match the 5-second

2http://www.cs.colostate.edu/~ipc2014/

http://www.cs.colostate.edu/~ipc2014/
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IPC reward
GBFS ε-greedy RW Local DFS

near early 0.98 0.01 ∼ 0 ∼ 0 ∼ 0
near late 0.01 ∼ 0 0.97 0.02 ∼ 0
far early ∼ 0 ∼ 0 ∼ 0 1.00 ∼ 0
far late 0.01 0.01 0.94 0.01 0.02

IPCˆ2 reward
GBFS ε-greedy RW Local DFS

near early 0.01 0.98 ∼ 0 ∼ 0 ∼ 0
near late 0.14 0.22 0.60 0.04 ∼ 0
far early 0.96 0.02 0.01 ∼ 0 ∼ 0
far late 0.02 0.02 0.91 0.05 0.01

Time reward
GBFS ε-greedy RW Local DFS

near early 0.01 0.01 0.95 0.01 0.01
near late 0.04 0.03 0.05 0.09 0.78
far early 0.01 ∼ 0 0.97 0.01 0.01
far late 0.19 0.17 0.23 0.19 0.21

Table 5.1: The policies learned for the Transport problems.

time limit. Specifically, we searched for parameter combinations such that around half of the

generated problems could be solved within the limit by a baseline planner using GBFS guided

by the FF heuristic [HN01] and unary operator costs. The same heuristic function was used

with the learner and other baseline planners considered in this chapter.

We trained a separate model for every pair of a domain and a performance objective. The

training was conducted using a single CPU (Intel Core i7-4790) for a period of 48 hours. The

problems were sampled from the training set with uniform probability. Every sampled problem

was attempted N = 5 times to compute the policy update averaged over N runs, according to

equation 5.2. The learning rate was α = 0.02. We remark that parallelization of the training

process is possible as multiple runs of the planner can be performed in parallel. This remains

a direction of future work.

5.5.2 Learned Policies

The policies learned for each of the domains and performance objectives are presented in Tables

5.1 - 5.5. Each of the tables reports the policies for one of the domains and all three objectives.
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IPC reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 ∼ 0 ∼ 0 ∼ 0 0.99
near late 0.01 0.01 0.01 0.02 0.94
far early ∼ 0 ∼ 0 ∼ 0 ∼ 0 0.99
far late 0.2 0.2 0.2 0.2 0.2

IPCˆ2 reward
GBFS ε-greedy RW Local DFS

near early 0.2 0.02 0.01 0.15 0.80
near late 0.01 0.01 0.01 0.02 0.96
far early ∼ 0 ∼ 0 0.01 ∼ 0 0.98
far late 0.19 0.19 0.19 0.19 0.25

Time reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 ∼ 0 ∼ 0 0.01 0.98
near late 0.19 0.19 0.18 0.19 0.25
far early 0.01 0.01 0.01 0.01 0.97
far late 0.2 0.2 0.2 0.2 0.2

Table 5.2: The policies learned for the Parking problems.

The rows represent possible states of the search. Each of the entries denotes the probability of

selecting the routine given by the column in the state given by the row. Probabilities higher

than 0.2 (assigned by the uniform policy) are highlighted in bold.

In most states, the learned policy approaches a deterministic one. The probability of choosing

the most dominant routine is typically over 0.9. For some cases, however, the policy remains

nondeterministic. An expected reason for this is when two routines are clearly preferred over

the rest (e.g., the near late state in No-mystery domain under the time reward, see Figure 5.6).

If the combination of the policies is not significantly better than either of them on its own, the

policy may also oscillate between them (e.g., the near early state in Elevators domain under the

IPC reward, see Figure 5.5). Another reason for nondeterminism is that the state occurs rarely

in training. In the extreme case of the far late state in Parking, the state does not occur at all

when training with the IPC and time rewards, and the policies for the state remain uniform.

To shed some light on the process of learning the policies, we plot how the action probabilities

change over the course of training for several representative cases (Figures 5.1-5.6).

In the logistics-type domains of Tranpsort (Table 5.1) and Elevators (Table 5.3), the preferred

routine changes with the state of the search. For example, the Transport policy trained with
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IPC reward
GBFS ε-greedy RW Local DFS

near early 0.05 0.58 0.03 0.32 0.02
near late 0.01 ∼ 0 0.01 0.98 ∼ 0
far early 0.02 0.01 0.92 0.02 0.04
far late 0.11 0.09 0.11 0.16 0.53

IPCˆ2 reward
GBFS ε-greedy RW Local DFS

near early 0.01 ∼ 0 0.98 ∼ 0 ∼ 0
near late 0.01 0.01 0.97 0.01 ∼ 0
far early 0.01 0.03 0.45 0.51 ∼ 0
far late 0.14 0.14 0.19 0.28 0.25

Time reward
GBFS ε-greedy RW Local DFS

near early 0.02 0.01 0.09 0.08 0.79
near late 0.07 0.04 0.30 0.38 0.21
far early 0.03 0.03 0.04 0.04 0.86
far late 0.19 0.19 0.21 0.20 0.21

Table 5.3: The policies learned for the Elevators problems.

the IPC reward starts with local search (the far early state) and then switches to plain GBFS if

fast progress has been made (the near early state) or random walks otherwise (the late states).

The influence of various performance objectives can also be observed. For instance, the policies

trained with the time reward tend to make heavier use of DFS, which is especially visible in the

Elevators domain. Logistics-type domains are characterized by existence of multiple paths to

the goal and lack of dead ends, so indeed it is often possible to quickly find low-quality solutions

with a depth-biased approach.

The policies learned for the remaining three domains are less varied. In Floortile (Table 5.5)

and No-mystery, (Table 5.4) the learner prefers relatively conservative routines of greedy and

ε-greedy BFS, irrespective of the chosen performance objective. This can be attributed to the

presence of dead ends in these two domains, which makes aggressive exploration potentially

harmful. The only exception is the far late state, which typically does not occur during training

on these domains.

The opposite happens in the Parking domain (Table 5.2). Here, it is possible to search suc-

cessfully even with very strong depth bias. It turns out that applying heuristic guided DFS

allows for solving most of the problems with only very slight increase in the plan costs. The
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IPC reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 0.93 ∼ 0 0.06 0.01
near late 0.94 0.05 0.01 ∼ 0 ∼ 0
far early 0.01 0.86 0.01 0.01 0.10
far late 0.18 0.19 0.24 0.20 0.19

IPCˆ2 reward
GBFS ε-greedy RW Local DFS

near early 0.06 0.87 0.01 0.02 0.04
near late 0.01 0.99 ∼ 0 ∼ 0 ∼ 0
far early 0.01 0.92 0.02 0.03 0.02
far late 0.19 0.22 0.20 0.20 0.20

Time reward
GBFS ε-greedy RW Local DFS

near early 0.01 0.97 0.01 ∼ 0 0.01
near late 0.42 0.38 0.09 0.05 0.06
far early 0.01 0.96 0.01 0.01 0.01
far late 0.2 0.2 0.2 0.2 0.2

Table 5.4: The policies learned for the No-mystery problems.

IPC reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 1.00 ∼ 0 ∼ 0 ∼ 0
near late 0.42 0.55 ∼ 0 0.01 ∼ 0
far early 0.01 0.98 ∼ 0 ∼ 0 ∼ 0
far late 0.2 0.2 0.2 0.2 0.2

IPCˆ2 reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 1.0 ∼ 0 ∼ 0 ∼ 0
near late 0.02 0.97 ∼ 0 ∼ 0 ∼ 0
far early 0.01 0.97 0.01 0.01 0.01
far late 0.2 0.2 0.2 0.2 0.2

Time reward
GBFS ε-greedy RW Local DFS

near early ∼ 0 1.00 ∼ 0 ∼ 0 ∼ 0
near late 0.79 0.19 0.01 0.01 0.01
far early 0.01 0.97 0.01 0.01 0.01
far late 0.2 0.2 0.2 0.2 0.2

Table 5.5: The policies learned for the Floortile problems.
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Figure 5.1: Action probabilities as a function of the number of episodes for near early state in
Transport domain under the IPC reward. The learned policy chooses GBFS nearly determinis-
tically. DFS is discarded particularly early because in Transport is results in plans of very high
cost.

learner takes this opportunity and chooses DFS nearly deterministically, irrespective of the

search state and performance objective. The only exceptions are in the far late state, where

the policy remains close to uniform. This state occurs infrequently during training, because

depth-focused policies tend to make quick progress towards the goal which results in transition

to the near states. The same effect can be observed for the near late state under the time

reward (see also Figure 5.4).

5.5.3 Results

Problems from the training distributions

We first assess the learned policies on problems following the same distributions as the training

ones. For every domain, we generated 60 held-out test problems. We compare the policies

against baselines corresponding to each of the search routines applied on their own. We also

report the performance of a uniform policy, randomly choosing between the routines at every

step. The results with respect to all three performance objectives are reported in Table 5.6.

The learned policies (last three rows in each section of the table) consistently outperform most
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Figure 5.2: Action probabilities as a function of the number of episodes for far early state in
Transport domain under the IPC reward. The policy oscillated between random walks and
local search, before converging to the latter.
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Figure 5.3: Action probabilities as a function of the number of episodes for near early state in
Parking domain under the IPC reward. The policy quickly converges to DFS. In the considered
distribution of Parking problems, DFS allows for quickly finding solutions without sacrificing
the quality of the plans.
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Figure 5.4: Action probabilities as a function of the number of episodes for near late state
in Parking domain under the time reward. The late states occur infrequently during training
because DFS-heavy policies make rapid progress towards the goal. This is why the policy in
this state hardly diverges from uniform one.
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Figure 5.5: Action probabilities as a function of the number of episodes for near early state in
Elevators domain under the IPC reward. The policy does not converge and oscillates between
local and ε-greedy search, both of which seem reasonable choices for the domain.
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Figure 5.6: Action probabilities as a function of the number of episodes for near late state in
No-mystery domain under the time reward. The policy mixes greedy and ε-greedy search and
prefers them over more aggressive routines, which in this domain are likely to lead to dead
ends.

of the baselines, reaching the highest or nearly-highest scores. In the Transport domain, the

scores obtained when learning with the corresponding reward are higher than all the baselines.

In Elevators, the highest-performing routines (local search for IPC, GBFS for IPCˆ2 and DFS

for time score) score slightly higher than the learner, which still outperforms most of the other

baselines. In the remaining domains of Parking, No-mystery and Floortile, the learned policies

perform very similarly to best single routines. This is in accordance with the form of the learned

policies. The Parking policy almost always chooses DFS (Table 5.2), while the No-mystery and

Floortile policies mostly use greedy and ε-greedy search (Tables 5.4) and 5.5), which are closely

related and perform very similarly in these two domains.

IPC problems

Additionally, we evaluate the policies on larger problems sourced from IPC. We use the problems

from the satisficing track of IPC 2011, which is the last one where the five domains occurred

together. Each of the domains was represented by 20 problems of varying size. We initially

set the timeout to the standard IPC value of 30 minutes. The results obtained by the learned

policies and relevant baselines are reported in Table 5.7.



5.5. Evaluation 85

IPC score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 29.46 15.57 28.73 24 28.27 126.03
ε-GBFS 27.23 10.88 21.87 30.64 50.33 140.95
Random Walks 30.92 9.79 31.82 19.48 4.91 96.92
Local Search 37.18 21.89 32.87 20 23.9 135.84
DFS 12.95 37.45 16.92 7.7 0.13 75.15
Uniform 24.07 25.71 26.79 20.75 32.44 129.76
Learned (IPC) 38.85 37.27 32.67 26.62 49.83 185.24
Learned (IPCˆ2) 36.79 37.38 32.13 27.2 49 182.5
Learned (Time) 30.58 36.56 19.54 26.37 46.84 159.89

IPCˆ2 score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 27.49 13.66 27.6 24 24.67 117.42
ε-GBFS 22.82 9.52 20.87 30.5 44.69 128.4
Random Walks 19.26 8.41 24.27 19.38 3.95 75.27
Local Search 28.58 16.76 26.44 20 20.54 112.32
DFS 4.07 25.93 6.42 7.7 0.06 44.18
Uniform 13.73 19.71 18.24 20.71 28.33 100.72
Learned (IPC) 30.7 26.18 25.13 26.55 44.28 152.84
Learned (IPCˆ2) 30.55 26.51 24.57 27.1 43.59 152.32
Learned (time) 18.75 25.5 8.77 26.26 41.36 120.64

Time score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 23.66 14.27 14.83 20.58 17.13 90.47
ε-GBFS 21.48 10.15 10.44 21.58 38.47 102.12
Random Walks 39.93 9.35 21.28 16.77 3.96 91.29
Local Search 33.87 22.45 19.22 15.98 14.02 105.54
DFS 36.88 48.6 25.41 5.44 0.21 116.54
Uniform 34.55 27.75 20.25 17.18 19.71 119.44
Learned (IPC) 33.97 47.69 20.64 21.12 38.39 161.81
Learned (IPCˆ2) 29.27 46.98 21.11 21.56 37.9 156.82
Learned (time) 41.32 47.13 24.8 20.83 37.02 171.1

Table 5.6: IPC, IPCˆ2 and time score of the learned planning strategies and relevant baselines
on 60 test problems randomly generated for each of the five domains. Average of 10 test runs.
Highest values highlighted in bold.
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The relative performance of the learned policies depends on the selected metric. They remain

competitive as far the planning time is concerned, but loose ground when the cost of the plans

is taken into account. The search algorithms attaining the highest IPC scores are local search,

greedy and ε-greedy best-first search. The policy trained with the IPC reward scores 2 points

less than local and ε-greedy search. This effect can be attributed to the Parking and Elevators

problems being relatively easy for all of the involved planners under the original 30-minute time

limit. In fact, all of the problems from these two domains were solved by all of the planners,

with the exception of plain GBFS, which only failed one problem of each two domains. In this

situation the overall score was decided mostly by the quality of the plan, generally putting the

more conservative approaches like greedy and ε-greedy search at an advantage: given sufficient

time, global greedy search is likely to find solutions of lower cost than local search or random

walks.

For this reason, we decided to perform another round of evaluation, using the same IPC problem

sets but with a reduced timeout of 60 seconds. With less time, the problems become more

challenging and better reflect the training arrangement, under which only half of the training

problems could be solved by GBFS within the per-problem training time limit of 5 seconds.

Indeed, it turns out that in 60 seconds GBFS is able to solve 6 out of 20 IPC Parking problems

and 12 out of 20 Elevators problems. The results for this setting are reported in Table 5.8.

The policies trained with IPC and IPCˆ2 rewards again obtained the highest scores, although

their relative advantage over the baselines was smaller than on the training distributions. The

policy minimizing solution time generalizes worse, but its time score is still above the baselines.

5.6 Summary

In this chapter, we introduced the first approach to learning search policies alternating between

a number of search routines while solving a planning problem. We instantiated the approach

using a simple two-dimensional representation of the planner’s state and a set of five different

search routines. Experimental evaluation shows that the system is capable of learning effective



5.6. Summary 87

IPC score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 17.8 19.48 9.94 6.48 53.7
ε-GBFS 0.89 17.38 19.41 8.69 8.73 55.1
Random Walks 5.32 14.34 14.2 7.73 2.6 44.19
Local Search 8.29 15.24 16.96 8.92 6.03 55.44
DFS 6.7 16.47 10.94 6.89 0 41
Uniform 5.67 15.31 14.93 7.88 6.32 50.11
Learned (IPC) 6.37 15.61 15.82 7.69 7.54 53.03
Learned (IPCˆ2) 2.38 16.45 15.03 8.73 7.49 50.08
Learned (time) 5.39 16.65 11.93 8.66 7.45 50.08

IPCˆ2 score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 16.77 19.02 9.89 6.01 51.69
ε-GBFS 0.79 15.39 18.9 8.43 8.48 51.99
Random Walks 3.78 11.35 10.55 7.53 2.29 35.5
Local Search 7.71 12.03 14.53 8.85 5.24 48.36
DFS 5.26 13.95 7.24 6.78 0 33.23
Uniform 3.78 12 11.7 7.77 5.74 40.99
Learned (IPC) 5.33 12.51 12.84 7.43 7.16 45.27
Learned (IPCˆ2) 1.48 13.85 11.62 8.49 7.04 42.48
Learned (time) 3.66 14.2 8.08 8.36 6.95 41.25

Time score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 15.66 18.64 9.28 6.66 50.24
ε-GBFS 0.73 15.52 19.22 8.96 8.6 53.03
Random Walks 4.78 13.62 19.52 7.71 2.97 48.6
Local Search 7.2 18.65 19.51 7.93 6.58 59.87
DFS 5.51 18.79 19.41 6.88 0 50.59
Uniform 3.88 18.52 19.63 7 6.83 55.86
Learned (IPC) 2.3 19.01 17.45 7.99 7.77 54.52
Learned (IPCˆ2) 1.3 19.05 19.49 8.8 7.84 56.48
Learned (time) 4.39 19.04 19.54 8.76 7.82 59.55

Table 5.7: IPC, IPCˆ2 and time score of the learned planning strategies and relevant baselines
on IPC-11 problems under 30 minute time limit. Highest values highlighted in bold.
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IPC score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 5.89 11.56 8 3.62 29.07
ε-GBFS 0 3.84 11.68 7.72 4.87 28.11
Random Walks 0.92 4.55 9.88 6.91 2.6 24.86
Local Search 2 9.98 11.63 6.98 3.64 34.23
DFS 0 8.88 7.47 7.77 0 24.12
Uniform 0 6.21 10.81 7 3.61 27.63
Learned (IPC) 0 12.27 11.78 7.72 5.7 37.47
Learned (IPCˆ2) 0 12.09 11.15 7.72 6.72 37.68
Learned (time) 0.48 7.59 7.67 7.72 4.76 28.22

IPCˆ2 score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 5.79 11.15 8 3.29 28.23
ε-GBFS 0 3.7 11.39 7.48 4.75 27.32
Random Walks 0.85 4.15 8.05 6.83 2.29 22.17
Local Search 2 8.42 9.78 6.96 3.32 30.48
DFS 0 7.38 4.63 7.55 0 19.56
Uniform 0 4.9 8.8 7 3.29 23.99
Learned (IPC) 0 10.28 9.6 7.48 5.48 32.84
Learned (IPCˆ2) 0 10.69 9.32 7.48 6.48 33.97
Learned (time) 0.23 6.5 4.82 7.48 4.55 23.58

Time score
Transport Parking Elevators No-mystery Floortile Sum

GBFS 0 4.03 10.35 7.77 3.99 26.14
ε-GBFS 0 2.95 10.07 7.86 4.96 25.84
Random Walks 0.72 3.05 10.3 6.3 2.97 23.34
Local Search 0.56 8.49 10.81 6.92 3.97 30.75
DFS 0 8.47 11.67 7.32 0 27.46
Uniform 0 5.51 10.76 6.46 3.98 26.71
Learned (IPC) 0 10.85 10.65 7.86 5.93 35.29
Learned (IPCˆ2) 0 10.33 11.02 7.73 6.9 35.98
Learned (time) 0.13 7.28 11.64 7.89 4.95 31.89

Table 5.8: IPC, IPCˆ2 and time score of the learned planning strategies and relevant baselines
on IPC-11 problems under 60 second time limit. Highest values highlighted in bold.
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search policies tailored to a specific problem distribution and performance objective. The

policies can also be useful for problems outside the training distribution, provided that the

interplay between the problem size and the time limit roughly matches the training setting. The

approach is extensible: potential directions for future work include a richer state representation

and adding further search routines, such as novelty-based search [LG12] and local search using

a different heuristic function.

The limitations of this approach include operating with a number of fixed parameters, which

imposes significant constraints on the policy space. Some of the parameters are properties of in-

dividual subroutines (for example, the number and length of random walks), while others relate

to how the routines are integrated. The most prominent one is tr, the time period over which

the selected routine is applied. Another issue is the sensitivity of the learning process to the

length of training traces, effectively enforcing training on relatively small problems. In Chapter

6, we address all of the above limitations by introducing a different search parametrization and

a training scheme based on evolution strategies.



Chapter 6

Learning Search Policies with an

Infinite Action Space

In this chapter, we consider learning search policies in an infinite action space, generated by

a number of discrete and continuous parameters of a paramterized search routine template.

This is in contrast with the work presented in Chapter 5, where the policies were tasked with

choosing from a fixed set of distinct search routines. In reinforcement learning terms, the

approach introduced in Chapter 5 dealt with a discrete action space, while the one presented

here is closer in spirit to learning in a continuous action space.1

We start by introducing the notion of a parametrized search routine template. The template

combines a number of search techniques in a flexible manner: depending on the values of the

parameters, the routine can perform best-first search, random search, iterated local search or

various combinations of the above. We then proceed to introduce the task of learning policies

which set the values of the parameters given the current state of the search. As in Chapter

5, the objective is to optimize the planner’s performance for a given distribution of planning

problems. We model the policy using a feed-forward neural network and train it using a

stochastic optimisation technique known as the cross entropy method (CEM).

1The action space is not strictly continuous as some of the search parameters are integers. However, the
presence of real-valued search parameters makes the space infinite, hence the title of the chapter.
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We also consider a simpler setting, in which we directly apply CEM to find the values of the

search parameters. In this approach, there is no state-dependent search policy and the values

of the search parameters remain fixed throughout the process of solving the planning problem.

6.1 Relation to Finite Action Spaces

The approach to learning search policies introduced in Chapter 5 relies on a discrete and finite

action space. The learning planner is equipped with a number of fixed search routines, each

constituting one action of the learner. This is a simple approach for combining a number of

search mechanisms. However, it also has a number of limitations.

To begin with, using a fixed set of search routines requires a number of design choices, pertaining

to each of the routines and the way of combining them. Many of the routines come with their

own parameters, such as the value of ε for ε-greedy search and the number and length of random

walks. The choice of action duration time tr also has important implications on the ability of

the algorithm to interleave between different techniques and on the effective span of the local

search. The necessity to set the values of all these parameters seems at odds with the idea of

learning the search policies. Intuitively, parameters like these should be trainable themselves,

allowing the learning process to find the values that best suit a given problem distribution.

In a more general solution, the values of the parameters could also be adjusted during search,

for example to increase the amount of exploratory behaviour in the face of a plateau of the

heuristic function.

Furthermore, the separation of the search techniques into a set of fixed routines imposes sig-

nificant restrictions on the resulting search algorithms. For example, the learned policies have

to choose between ε-greedy and plain greedy (ε = 0) search, possibly interleaving between the

two, but they do not have the option of selecting an intermediate value of ε. Similarly, the

policies can choose between greedy search with or without random walks, but do not have the

option of using an intermediate number or length of the walks. As another example, local and

ε-greedy search are made mutually exclusive, i.e. there is no option of randomized local search.
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The approach presented in this chapter aims to address these limitations by combining various

search techniques in a single parametrized search routine template. Using different values of the

template’s parameters, the search policies can navigate an infinite space of search algorithms,

including, but not limited to best-first search, random search and iterated local search.

6.2 Parameterized Search Routine

The core idea behind the approach presented in this chapter is that techniques such as random-

ized order of node expansion, local search and random walks are not mutually exclusive and

can be merged in a single parametrized search routine. When the values of the parameters are

set accordingly, the parametrized routine can assume any of the techniques on their own. For

intermediary values of the parameters, the routine includes elements of multiple techniques. For

example, global and local search can be combined by interleaving between the two. A number

of atomic steps of global search (for example, node expansions) can be followed by a period of

local search. It is also possible to randomize the order of node expansion in both global and

local search and additionally follow some of the expansions with a number of random walks.

One way of combining the search mechanisms is introduced in Algorithm 6. The algorithm is a

general planner. Its arguments include the initial state s0, the goal g and a set of operators O.

The algorithm interleaves between global and local search. Nodes are expanded in a randomized

(ε-greedy) order. The expansions are optionally followed by a number of random walks from

the expanded node.

The algorithm starts by initializing the global open list with the initial state (line 2). The main

loop of the algorithm (lines 3-13) interleaves between global search (lines 5-7) and local search

(lines 9-11). The global search is performed using the global open list. The period of global

search is followed by the creation of a new local list, initialized using the best node from the

global list (line 8). The local list is used to perform a number of local node expansions (lines

9-11). After that, all the nodes form the local queue are merged into the global one (line 12).

The number of steps of local and global search are determined using two parameters: C which



6.2. Parameterized Search Routine 93

is the total number of node expansions in a single iteration of the main loop, and c which is the

proportion of local expansions in C. It follows that a single iteration of the main loop contains

(1− c) · C global and c · C local expansions.

The global and local open lists are both processed using the step function (lines 16-42). If the

open list given by the argument is not empty, the function extracts a single node from the open

list (line 28) and expands it (line 33). All the successor states are added to the open list (line

34). Each expansion can optionally be followed by a number of random walks starting from the

expanded node. The algorithm keeps track of the number of node expansion performed since

the last drop of the lowest known value of the heuristic (expansions without progress). If the

number exceeds the value of parameter S (line 35), N random walks of length L are performed

from the expanded node (line 37). All the states encountered during the random walk are

added to the open list (line 38). If the open list given as argument is empty, the algorithm

checks whether it is the global list (line 18). If so, the search fails. Otherwise, it attempts to

continue by reseeding the local list with another state removed from the global one (lines 24).

Overall, the algorithm has the following parameters:

• ε – the probability of selecting a random node from the open list;

• S – the threshold number of expansions without progress, above which random walks

follow every expansion;

• R – the number of random walks launched from a single node;

• L – the length of a random walk;

• C – the number of node expansions in one iteration of the main loop;

• c – the proportion of local search in every iteration of the main loop.

The character of the search varies depending on the values of the parameters. For example,

with c = 0, the algorithm results in a purely global search (no local expansions). If additionally

R = 0 and ε = 0, the algorithm degrades to plain GBFS. Given c 6= 0, the value of C determines
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Algorithm 6 Parametrized planner

1: function Planner(s0, g,O)
2: global open← [s0]
3: while true do
4: ε, S,R, L, C, c← set search parameters()
5: for i = 1 . . . (1− c) · C do
6: Step(global open,O, g)
7: end for
8: local open← [pop(global open)]
9: for i = 1 . . . c · C do

10: Step(local open,O, g)
11: end for
12: merge local open into global open
13: end while
14: end function
15:

16: function Step(open,O, g)
17: if open is empty then
18: if open is global open then
19: return failure . return from Planner
20: else
21: if global open is empty then
22: return failure . return from Planner
23: else
24: local open← [pop(global open)]
25: end if
26: end if
27: end if
28: s← pop(open, ε)
29: if s ∈ g then
30: plan← extract plan(s)
31: return plan . return from Planner
32: end if
33: successor states← expand(s,O)
34: add(open, successor states)
35: if expansions without progress > S then
36: for i = 1 . . . R do
37: walk states← random walk(s, L)
38: add(open, walk states)
39: end for
40: end if
41: return in progress . return to the Planner loop
42: end function
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the frequency of interleaving between global and local search as well as the span of local search,

i.e., the number of expansions performed using the local list before it is merged into the global

one. The number and length of random walks, as well as the condition for triggering them are

directly defined by R, L and S parameters.

6.3 Neural Search Policies

The parametrized search routine template introduced in Section 6.2 allows for creating various

search routines by assigning specific values to the template’s parameters. In this section, we

discuss the problem of setting the search parameters given the current state of the search. In

particular, we consider search policies in the form of a multi-valued function, mapping the state

of the search to the values of the search routine’s parameters.

We consider a neural model of the mapping, consisting of a feed-forward neural network. The

network’s inputs are the features of the planner’s state. Its outputs are the values of the search

routine’s parameters 〈ε, S,R, L, C, c〉.

The remainder of this section describes a concrete representation of the search state and a

search policy model based on the feed-forward neural network.

6.3.1 State Representation

The representation of the planner’s state considered in this chapter includes seven high-level

features capturing the relevant information about the current problem, the progress of the

search and the remaining time. In particular, we consider the following state features:

• the value of the heuristic for the initial state h(s0);

• the lowest value of the heuristic encountered within the search so far hmin;

• the time since the search started;
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• the number of node expansions performed since hmin last changed;

• the number of states the search has generated;

• the number of unique states the search has generated;

• the number of nodes the search has expanded.

The initial and minimal heuristic values allow for estimation of the progress towards the goal in

the time elapsed. Note that in our training setting, detailed in Section 6.5, the time allocated

for the planner is always the same, so the elapsed time feature implicitly encodes how much

time there is left. These three features provide the policy with the same information as the two

state features considered in Chapter 5, but retain more information by avoiding discretization.

Furthermore, including the heuristic estimate for the initial state allows for differentiating

between problems representing the same domain but varying in size. Another feature is the

number of node expansions since the last change of lowest known heuristic value. This is a

quantity which is also computed for the purpose of controlling random walks in the parametrized

search routine. The number is a good indication of whether the search is facing a local minimum

or a plateau of the heuristic. Additionally, the feature representation includes the standard

search statistics computed by Fast Downward, such as the numbers of generated states and

expanded search nodes.

6.3.2 Model Architecture

We model the state-dependent search policies using a feed-forward neural network with a single

hidden layer. The inputs of the network are the state features listed in Section 6.3.1. The

outputs are the search parameters 〈ε, S,R, L, C, c〉. The number of hidden units is equal to the

number of inputs. The hidden layer uses the sigmoid activation function f(z) = 1
1−e−z . The

network outputs are treated according to the range of the search parameters they represent.

For the real-valued search parameters of ε and c, which require values in [0, 1] interval, the

network outputs are passed through the sigmoid function. For the integer search parameters of
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S, R, L and C, the outputs are restricted to nonnegative values yr = max(y, 0) and truncated

to the integer part.

Since the planner’s state features differ in the order of magnitude, we apply scaling to the

inputs of the network to prevent the differences from affecting the learned policy. Without

scaling, the policies would be biased to rely on features of larger magnitude. We determine the

scaling factors for each problem distribution based on the maximum feature values observed

by a reference planner on an additional batch of problems representing the distribution. The

reference planner is simply our parametrized planner in a single hand-crafted configuration

which makes moderate use of all the available search techniques by setting ε = 0.5, S = 10,

R = 5, L = 10, C = 200 and c = 0.5. Every feature φ is then linearly scaled using the maximum

observed values, so that a scaled value of 1 corresponds to the recorded maximum:

φscaled =
φ

φmax

For example, if the initial heuristic value h0 for a given problem is 100 and the highest initial

heuristic value recorded in the normalization batch h0,max is 400, the scaled value of the feature

for the given problem is h0
h0,max

= 0.25. The feature scales are computed once for each of the

problem distributions and remain fixed throughout training and evaluation of the policy. Note

that the scaled value of a feature can be larger than 1 when the observed value of the feature

is higher than the maximum over the scaling batch.

To ensure that the policies can manipulate the search parameters in adequate range, we also

scale the outputs of the network. We choose the scaling factors so that a value of 1 of the

original output corresponds to moderate use of the corresponding search technique. Specifically,

we multiply the output defining the number of random walks R by 5, the length of the walks

L by 10, the stall condition S by 10 and the length of the global-local cycle C by 100. For

example, if the output defining the number of random walks has the value of 0.5, the resulting

number of random walks is 0.5 · 10 = 5. The values of ε and c do not require scaling as the

sigmoid function puts them in the desired range.
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The following section introduces an approach for learning search policies tailored to given

distributions of planning problems.

6.4 Learning Search Policies

In this section, we present an algorithm for training the neural search policies using the cross-

entropy method, described in general terms in Section 2.4.1. We introduce a multivariate Gaus-

sian distribution over the parameters θ of the policies. The distribution is itself parametrized

by its mean vector µ and covariance matrix Σ:

θ ∼ N (µ,Σ)

The distribution is initialized to an isotropic Gaussian by setting µ to a zero vector and Σ to

an identity matrix. Then, at every iteration t, a number of policies (n) are sampled from the

current distribution. The policies are evaluated on a number of problems sampled from the

problem distribution P . The mean of the m best performing policies (νt in Equations 6.1-6.3)

and their covariance are used to perform a smoothed update of the mean (Equation 6.2) and

covariance (Equation 6.3) of parameter distribution for the next iteration.

νt =
1

m

m∑
i=1

θti (6.1)

µt+1 = (1− α)µt + ανt (6.2)

Σt+1 = (1− α)Σt + α
1

m− 1

m∑
i=1

(θti − νt)(θti − νt)> (6.3)

Pseudocode of the approach is presented in Algorithm 7. The inputs of the algorithm include

a distribution of planning problems P , the number of iterations u, the number of problems

sampled at each iteration r, the number of policies sampled at each iteration n and the number of

best-performing policies used to update the distribution m. The algorithm starts by initializing

the distribution to an isotropic Gaussian (line 2). The main loop of the algorithm samples r
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problems from the distribution P (line 4). Note that in general the problems do not have to

be independently and identically distributed. In fact, in our evaluation (Section 6.5), we use

problem batches approximating the IPC problem sets, which contain problems of increasing

size. Further, the algorithm samples n policies from the current distribution (line 5). All of

the n policies are used to tackle all of the r problems (lines 6-10). The information about the

success or failure of the planner and the plan cost are recorded for the purpose of computing

the policies’ IPC scores (line 11). The scores are used to sort the policies and designate the m

highest performing ones. The statistics of them policies are then used to update the distribution

for the next iteration, according to Equations 6.2 and 6.3 (line 13). The output of the algorithm

is the mean of the final policy distribution (line 15).

Algorithm 7 Learning Search Policies

1: function Train(P , u, r, n,m)
2: initialize µ and Σ
3: for i = 1...u do
4: p1...pr ← P . sample r problems
5: θ1...θn ← N (µ,Σ) . sample n parameter vectors
6: for j = 1...n do
7: for k = 1...r do
8: run planner parametrized by θj on pk, record plan cost cj,k
9: end for

10: end for
11: G1...Gn ← compute IPC score for θ1...θn
12: sort θ1...θn by scores G1...Gn (highest first)
13: update µ and Σ according to Equations 6.2 and 6.3
14: end for
15: return µ
16: end function

The learning algorithm presented in this section is evaluated empirically in Section 6.5.

6.4.1 Learning the Search Parameters Directly

The same approach can also be used to learn the search parameters directly. In this simpler

setting, the neural model does not appear and the vector θ simply stores the values of the

search parameters θ = 〈ε, S,R, L, C, c〉. The values of the parameters remain fixed throughout

the run of the planner, without regard to the current state of the search.



100 Chapter 6. Learning Search Policies with an Infinite Action Space

The training scheme follows Algorithm 7. At each iteration, n vectors 〈ε, S,R, L, C, c〉 are

sampled from the current distribution. The resulting search configurations are evaluated on a

number of training problems in order to move the distribution towards the m highest-scoring

configurations.

In Section 6.5 we evaluate this simplified approach along with the state-dependent neural

policies.

6.5 Evaluation

In this section, we evaluate both variants of our approach: (a) the neural search policies de-

pending on the state of the search, and (b) the simpler stateless approach, in which the search

parameters are learned directly and remain fixed throughout the search. As in previous chap-

ters, we evaluate our approach using five IPC domains of Elevators, Floortile, No-mystery,

Parking and Transport. We train the search policies on problem distributions following the

IPC problem sets and compare the performance of the learned policies against a number of rel-

evant baseline planners. As in previous chapters, the heuristic used throughout the experiments

is the Fast Forward (FF) heuristic [HN01].

We use the problem generators published by the organizers of the learning track of IPC 2014

(the same as in Chapter 5). The parameters passed to the problem generators are chosen to

match the problems of the satisficing track of IPC 2011, which is the last edition in which the

domains occurred together in the satisficing track. The parameters determine the size of the

problems, by specifying quantities such as the numbers of locations, packages and trucks in

the Transport domain, the number of cars and curbs in the Parking domain and so on. Note

that the values of the parameters used to generate the IPC problems do not necessarily give

a full account of their expected difficulty, because the selection of competition problems may

have involved additional steps, such as manually rejecting problems which appear too easy or

too hard for some set of reference planners. Throughout training and evaluation, we use a

time limit of 3 minutes per problem. We remark that training with a higher 30-minute limit
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traditionally used in IPC is possible, but much more expensive, requiring up to 10 times more

computation time per policy and problem.

6.5.1 Training

We trained the policies using Algorithm 7 with a population size n = 50 and an elite sizem = 10.

The population size was primarily motivated by the amount of computational resources required

for training (note that every evaluation of a sampled policy on a batch of 20 problems amounts

to 20 runs of the planner). In a limited set of experiments with a population ten times larger

(n = 500, m = 100), we did not observe a significant improvement in the performance of

the learned policies. Given the relatively small size of the population, we set the smoothing

factor α to 0.7, the largest value in the range suggested by Mannor et al. [MRG03], who first

applied the cross-entropy method to policy search. At every iteration, r = 20 problems were

generated, using generator parameters matching the ones used for the IPC-2011 problem sets.

For example, since the IPC set for Parking contains two problems with 22 cars, three problems

with 24 cars and so on, the same holds for every batch of problems generated during training

for this domain.

Training was performed using a total of 32 CPU cores. For the state-dependent neural search

policies, the training time was 48 hours. Depending on the domain, this setup allowed between

41 (Floortile) and 91 (Elevators) iterations. However, most of the policy improvement appeared

to occur in the first several iterations of the process. This is evidenced by the plots in Figure

6.1, which show the average IPC scores obtained by the policies sampled at each iteration.

Note that the plots are not typical training curves. First, the policy distribution is not the

only source of variability in the plots because every iteration uses a newly generated batch

of problems. As mentioned before, the empirical difficulty of a problem can vary even for

problems generated with the same generator parameters. Second, the IPC is a relative measure

of planners’ performance. In a hypothetical situation, where all members of the population

improved the cost of their plans at iteration by the same proportion, their scores would remain

the same. We only decided to include the plots after realising that the primary way in which
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Figure 6.1: The average IPC score (y-axis) obtained on the training batch by the policies
sampled at each iteration of the learning process (x-axis). The variance in score is largely a
result of random generation of the training batch (every iteration has a newly generated set
of problems). The dynamic of the scores still suggests that most of the policy improvement
happens in the first handful of iterations.
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the scores improved between iterations was by solving more problems. In fact, the plots for

coverage look very similar. Between the two measures (IPC score and coverage), we decided to

plot the IPC score as this is our performance objective.

The plots suggest that the policies did not improve significantly after the 20th iteration. In

the extreme case of the Floortile domain, it is not clear from the plot whether the learner

made any progress at all. However, the results discussed in the next section show that a

reasonably effective policy has still been learned. When training the search parameters directly,

the distribution over the parameters turned out to converge much faster and so we stopped

training after the first 24 hours.

6.5.2 Quantitative Evaluation

We compare the learned search policies against a set of baseline planners, including planners

using each of the involved search techniques on its own, as well as a hand-crafted combination

of all of the techniques. We also compare against the search policies learned in Chapter 5,

using a discrete action space. For plain GBFS, we use the Fast Downward implementation. For

other baselines, we use our parametrized search routine, with the values of the parameters set

accordingly. Overall, the set of baseline planners includes:

• plain greedy BFS [GBFS];

• ε-greedy BFS with ε = 0.5 (R = 0, c = 0) [ε-GBFS];

• greedy BFS following a node expansion with R = 5 random walks of length L = 10 if

the lowest known heuristic value has not changed for the last S = 10 expansions (c = 0)

[Random Walks];

• local BFS with a span of C = 200 expansions (R = 0, c = 1) [Local Search];

• a combination of all the techniques, using search parameter values ε = 0.5, S = 10, R = 5

and L = 10 (the same as the values of corresponding hyperparameters of individual
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subroutines in Chapter 5), as well as C = 200 and c = 0.5 (i.e. 100 global expansions

followed by 100 local expansions) [Mixed].

We evaluate the learned policies in two different settings. In the first one, we use the IPC-2011

problem sets. We perform 10 test runs of the learned policy and each of the baselines. In the

second setting, we use a separate randomly generated batch of test problems for each of the

10 test runs. Evaluation on randomly generated problems allows us to assess the performance

of the planners over a total of 200 problems per domain, rather than just 20. Furthermore, it

shows the planner’s performance on problems following the same distribution as the training

ones, removing the effect of any additional problem selection which may have occurred in the

construction of the IPC sets.

The IPC scores for all evaluated planners are reported in Table 6.1 (the IPC problem sets)

and Table 6.2 (the randomly generated test sets). The learning approaches achieve the highest

scores in all cases except the No-mystery IPC set, where they narrowly trail ε-greedy search. In

general, in the No-mystery domain, the performance of learners is very similar to greedy and

ε-greedy search. Remarkably, the Mixed configuration achieved the lowest overall scores. This

shows that a naive combination of all involved techniques does not result in high performance

and allows us to attribute the strength of the distribution-specific policies to the learner. The

policies using our parametrized search routine generally perform better than the one relying on

a discrete action space. An important exception is the Parking domain. Recall from Chapter 5

that the discrete Parking policy relies heavily on DFS, which turns out to quickly solve many

problems without sacrificing the plan cost. DFS cannot be represented by our parametrized

search routine in its current form. The closest available technique in terms of depth-bias is

short-span local search. But in this case the depth-bias cannot be increased to the point of

constructing DFS-like linear paths: in the extreme case of the span equal to 1, the search

will behave like plain BFS. This is because every period of local search is started using a node

removed from the global open list. As shown in the next section, short-span local search is indeed

the approach chosen by the learners based on the parametrized search routine, especially in the

stateless version.
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Elevators Floortile No-mystery Parking Transport Sum
GBFS 16.09 4.13 8.84 8.04 0 37.1
ε-GBFS 13.61 5.87 8.43 5.88 0 33.79
Random Walks 14.68 2.34 6.58 6.51 0.45 30.55
Local Search 15.29 4.37 5.79 10.52 0.73 36.7
Mixed 10.92 2.81 7.49 5.34 0.43 26.98
Learned (discrete) 14.03 6.16 7.98 12.82 1.27 42.25
Learned (stateless) 15.6 6.06 8.78 12.3 2.72 45.46
Learned (NSP) 16.62 6.28 8.56 11.09 1.01 43.56

Table 6.1: IPC scores for IPC problem sets (average of 10 runs).

Learning the search parameters directly, without regard to the state of the search turns out

surprisingly effective compared to the more complex approach using state-dependent search

policies. One possible explanation is that, while the neural search policies are strictly more

expressive than the stateless model, the optimization process was able to better explore the

smaller parameter space of the stateless case. When testing on unseen problems following the

same distribution as the training ones, the state-dependent policy is only a little better than

the stateless one. When the policies are tested outside the training distribution, the stateless

version scores higher than the state-dependent one. With the caveat of the IPC problem sets

containing a total of 100 problems (rather than the 1000 in our test sets), we can conjecture

that the simpler model generalizes better to problems from outside the training distribution.

It is important to note that in the case of the Elevators domain the state-dependent learner

achieves significantly higher performance then the stateless one, in both problem sets, thanks

to applying different approaches in different problems and search states. We elaborate on the

details of the learned policies in the following section, where we discuss the parameters learned

in the stateless case and qualitatively analyze the behavior of the state-dependent policies on

selected validation problems.

6.5.3 Qualitative Evaluation

In this section, we investigate the search policies learned for each of the domains. For the case

of learning the search parameters directly, we simply report their values and comment on the

resulting behaviour on the search. For the state-dependent neural search policies, we report our
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Elevators Floortile No-mystery Parking Transport Sum
GBFS 14.62 2.21 8.16 9.1 2.58 36.68
ε-GBFS 13.05 2.6 8.91 7.32 2.66 34.53
Random Walks 14.56 0.47 6.76 7.81 3.47 33.07
Local Search 15.93 1.89 7.13 11.58 4.37 40.9
Mixed 11.55 1.23 6.67 5.95 2.79 28.21
Learned (discrete) 13.86 3.24 8.77 14.86 4.41 45.13
Learned (stateless) 14.59 3.46 8.83 13.4 5.24 45.52
Learned (NSP) 16.33 3.24 9.01 12.57 4.98 46.12

Table 6.2: IPC scores for randomly generated test problems (average over 10 sets).

observations from stepping through a number of validation problems and recording the search

parameters output by the policies.

The Stateless Case

Table 6.3 lists the values of the search parameters learned directly in the stateless setting, as

well as the parameter values used for the baseline planners. The effective behaviour of the

search ranges from pure global search for the Elevators domain to pure local search in the case

of Transport. Interestingly, random walks are not used in any domain.

In Elevators, this behaviour is achieved by setting the cycle length C to a very low value of 3. In

the current implementation of the parametrized search routine, the local expansions proportion

c = 0.123 still results in a cycle of 2 global and 1 local expansions. However, a single local

expansion is qualitatively no different than a global expansion since the children of the locally

expanded node are moved to the global list immediately after the first and only local step. As

a result, the search behaves like global BFS, with a relatively small value of ε = 0.05.

The Floortile parameters amount to interleaving between 161 global expansions and 17 local

expansions, selecting a random node with a probability of ε ∼ 0.09. Note that the stall size

S = 1 and random walk length L = 10 have no effect, since the number of random walks R is 0.

Another way of effectively turning off random walks is used for No-mystery, where the length

of the walks is set to 1. Walks of length 1, starting from the expanded node can only reach

the node’s direct descendants, which have been placed in the open list already. Performing
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ε S R L C c Remarks

Learned (stateless)

Elevators 0.050 0 0 0 3 0.123 ε-GBFS with ε ∼ 0.05
Floortile 0.169 1 0 10 178 0.090 161 global and 17 local expansions, ε ∼ 0.17

No-mystery 0.349 1 2 1 24 0.067 22 global and 2 local expansions, ε ∼ 0.35
Parking 0.030 6 1 0 6 0.654 2 global and 4 local expansions, ε ∼ 0.03

Transport 0.086 5 2 1 33 0.965 ∼ local search with a span of 32 expansions

Baselines

ε-GBFS 0.5 0 0 0 200 0.0 ε-GBFS; C has no effect when c = 0.0
Random Walks 0.0 10 5 10 200 0.0 5 walks of length 10 if stalled for 10 steps
Local Search 0.0 0 0 0 200 1.0 local search with a span of 200 expansions

Mixed 0.5 10 5 10 200 0.5 a combination of the above

Table 6.3: The search parameters optimized for each of the settings and the baseline configu-
rations.

random walks of length 1 is wasteful, but not too expensive as duplicate nodes are efficiently

recognised and rejected by the open list. Otherwise, the search is mostly ε-GBFS with two

local expansions in a cycle of 24 and ε = 0.35.

The search parameters for Parking result in a significant depth-bias achieved by performing

short-span local search (a cycle of 2 global and 4 local expansions). This behavior is relatively

close to DFS, both qualitatively and in terms of overall performance as evidenced by comparison

to the discrete action space learner (recall from Chapter 5 that its search policy is based on

DFS). Local search is also chosen for the Transport domain, in this case with a span of 32 to

expansions. The cycle also includes a single global expansion, which probably does not have

a significant effect on the search performance (as noted before, a single global expansion in a

cycle is no different from a single local expansion).

Neural Search Policies

To shed some light on the effective behaviour of the search driven by the learned neural search

policies, we tested the policies on a number of validation problems, recording the parame-

ter values output by the policies at every step (i.e., every iteration of the main loop of the

parametrized planner). Our observations for each of the domains are reported below.
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Elevators The learned policy solves the smallest problems with pure GBFS (c = 0, ε on the

order of 0.01). When the search fails to progress for around 30 expansions, a large number

(> 15) of short (3 steps) random walks follows every expansion. For larger instances, the walks

are longer (9 steps) and there are more of them (> 30). In the largest problems, a small number

of local expansions (2 in a global-local cycle of 50 expansions) is added towards the end of the

search.

Floortile The policy learned for this domain mostly relies on ε-GBFS, with relatively large

values of ε. The search typically starts with ε ≈ 0.8, which means that the value of the heuristic

function is ignored most of the time. For the largest problems solved within the time limit, the

value of ε decreases towards the end of the search.

No-mystery In this domain, the values of ε range are even higher than in Floortile and range

between 0.75 and 0.98, increasing as hmin decreases. The search is purely global and no random

walks are performed. The very high values of ε suggest that the FF heuristic is not very helpful

in this domain. This shows one of the limitations of the parametrized search routine in its

current form. While the heuristic value is almost never used, it still needs to be computed

for the purpose of ordering the open list. This requires a considerable amount of time. We

aim to address this limitation in the future work. One possible solution would be to allow the

parametrized approach to work with multiple open lists [RH10], without the requirement of

evaluating all involved heuristics for all the states encountered in the search.

Parking In small Parking problems the search policy is close to BFS. This behaviour is

obtained by setting the cycle length C to a very small value. Note that a global-local cycle

with 0 or 1 expansions is equivalent to BFS. For larger instances the search starts to interleave

between global and local search in a balanced manner (c ≈ 0.5), with a varying length of the

cycle C.
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Transport For the small Transport problems the learned policy remains close to ε-GBFS,

with the value of ε varying between 0.08 and 0.2. For larger instances, the policy behaves like

iterated local search, with a span in the range between 10 and 150. Occasionally, the length

of the cycle decreases to very low values, making the search equivalent to global GBFS. The

value of ε tends to increase as the search progresses, reaching values of around 0.25.

6.6 Summary

In this chapter, we introduced a parametrized search algorithm, combining a number of search

techniques in a single routine. Depending on the values of its parameters, the algorithm can

assume one of the techniques on its own, or various combinations of multiple techniques. The

parametrized algorithm forms the basis of the task of learning search policies, mapping the

current state of the search to an assignment over the algorithm’s parameters. In many ways this

approach generalizes the work introduced in Chapter 5. First, it allows the learner to explore

the space between the fixed search routines. Secondly, it reduces the number of intricate

hyperparameters by handing over the control over critical quantities, such as the length of

random walks and the span of local search to the learner itself. In addition to the search policies,

we consider a simpler scenario in which the values of the search parameters are optimized

directly and remain fixed throughout the search.

In both settings, the learned planners outperform the relevant baselines. With the current form

of the parametrized search routine, the simpler stateless setup achieves performance remarkably

close to the state-dependent policies. However, the search policies still have an advantage in

varied problem distributions, where approaching different problems with different strategies

is beneficial. This effect can be expected to be even more pronounced when training jointly

on more varied sets of problems or with more complex variants of the parametrized search

algorithm, for example including search techniques which can increase the chance of finding a

plan at the expense of its cost, such as DFS in logistics-type domains.
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Conclusion

This thesis has introduced a number of novel ways of learning from the planner’s experience

to improve its future performance. In this chapter, we summarize the key contributions of the

thesis and discuss possible directions of future research.

7.1 Summary of Thesis Achievements

In the first part of the thesis, we investigated learning domain-independent heuristic functions.

We have introduced a domain-independent representation of the environment state, inspired

by existing work on learning heuristics in a domain-dependent setting. We have demonstrated

the potential of the approach to improve on the performance of the original heuristic. On

the other hand, our experiments have shown that the behaviour of the search guided by the

learned heuristic typically remains close to the original heuristic, and in particular its unary-cost

version.

In the second part of the thesis, we introduced two approaches to learning search policies

for classical planning. In the first one, the planner is equipped with a number of different

search routines. Choosing between them is the task of a learnable stochastic policy, which

can be trained to maximize selected performance objective for a given distribution of planning

110
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problems. We have shown effectiveness of the approach, but also indicated its limitations,

including action space limited to a discrete set of fixed search routines and a number of intricate

hyperparameters.

We then continued the idea of learning search policies in a parametrized action setting akin

to reinforcement learning in continuous action spaces. For the purpose of this work, we have

introduced a novel parametrized search routine, combining elements of multiple search tech-

niques. This setting allows the learning process to optimize quantities such as, for example,

the span of the local search and the length of the random walks. We have presented two ways

of using the parametrized search routine. In the more general one, we use a learnable policy to

map the state of the search to the values of the routine’s parameters. In a simpler setting, the

parameters are optimized directly for a specific problem distribution. We have demonstrated

the capacity of both approaches to find search policies outperforming relevant baselines on

given problem distributions.

7.2 Future Work

Our work on learning heuristic functions has shown that with the current approach the be-

haviour of the search guided by the learned correction typically remains close to search with

the original heuristic. An interesting challenge would be to learn heuristic functions without

using features derived from the computation of an existing heuristic. We conjecture that to

compete with existing heuristics which construct approximate plans, the learning architecture

will need to incorporate some sort of iterative computation, present for example in graph neural

networks [SGT+09, BHB+18]. At the moment of submission of this thesis, the first approaches

in this spirit are starting to appear [STT20].

Regarding learning of search policies, a promising direction of future work is allowing the

parametrized search routine to work with multiple open lists. This would open the way to

extending the approach with some state-of-the-art search mechanisms such as preferred opera-

tors and alternating between multiple heuristic functions [RH10]. Furthermore, it would allow
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leaving the choice of currently followed heuristic to the learned policy. Other possible additions

to the parametrized search routine include novelty-based search [LG17] and beam search with

learnable beam width.

Another interesting research direction is learning the representation of the planner’s state.

Capturing the relevant information in a domain-independent manner is highly challenging and

remains the key to improving the expressiveness of the learned policies. One possible approach

would be to use graph networks on graphs capturing relevant information about the problem

at hand and the state of the search, including relaxed plans and dependencies between the

operators.

In future work it may also be worth considering setting in which the heuristic function and the

search policy are trained jointly, for example by interleaving between policy optimization and

supervised learning of heuristics using the plans computed in the process of policy evaluation.
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[DS77] Clive Dawson and Laurent Siklóssy. The Role of Preprocessing in Problem Solving

Systems. In Proceedings of the 5th International Joint Conference on Artificial

Intelligence, pages 465–471, 1977.

[FHN72] Richard E. Fikes, Peter E. Hart, and Nils J. Nilsson. Learning and executing

generalized robot plans. Artificial Intelligence, 3(1972):251–288, 1972.

[FN71] Richard E. Fikes and Nils J. Nilsson. STRIPS: A New Approach to the Application

of Theorem Proving to Problem Solving. Artificial Intelligence, 2:189 – 208, 1971.

[GAR19] Pawel Gomoluch, Dalal Alrajeh, and Alessandra Russo. Learning Classical Plan-

ning Strategies with Policy Gradient. In Proceedings of the Twenty-Ninth Inter-

national Conference on Automated Planning and Scheduling, ICAPS 2019, pages

637–645, 2019.



BIBLIOGRAPHY 117

[GARB17] Pawel Gomoluch, Dalal Alrajeh, Alessandra Russo, and Antonio Bucchiarone.

Towards learning domain-independent planning heuristics. In Workshop on Ar-

chitectures for Generality and Autonomy at the International Joint Conference on

Artificial Intelligence, IJCAI 2017, 2017.

[GARB20] Pawel Gomoluch, Dalal Alrajeh, Alessandra Russo, and Antonio Bucchiarone.

Learning Neural Search Policies for Classical Planning. In Proceedings of the Thir-

tieth International Conference on Automated Planning and Scheduling, ICAPS

2020 (forthcoming), 2020.

[GKLP16] Caelan Reed Garrett, Leslie Pack Kaelbling, and Tomas Lozano-Perez. Learning

to Rank for Synthesizing Planning Heuristics. In Proceedings of the Twenty-Fifth

International Joint Conference on Artificial Intelligence, IJCAI 2016, pages 3089–

3095, 2016.

[GSV09] Alfonso Gerevini, Alessandro Saetti, and Mauro Vallati. An Automatically Con-

figurable Portfolio-based Planner with Macro-actions: PbP. In Proceedings of the

19th International Conference on Automated Planning and Scheduling, ICAPS

2009, pages 350–353, 2009.

[GWA+18] Arthur Guez, Theophane Weber, Ioannis Antonoglou, Karen Simonyan, Oriol
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[HRK11] Malte Helmert, Gabriele Röger, and Erez Karpas. Fast downward stone soup: A

baseline for building planner portfolios. ICAPS 2011 Workshop on Planning and

Learning, pages 28–35, 2011.

[IK11] Tatsuya Imai and Akihiro Kishimoto. A Novel Technique for Avoiding Plateaus

of Greedy Best-First Search in Satisficing Planning. In Proceedings of the Twenty-

Fifth AAAI Conference on Artificial Intelligence, AAAI 2011, 2011.

[JDFB12] Sergio Jimenez, Tomas De La Rosa, Fernando Fernandez, and Daniel Borrajo. A

Review of Machine Learning for Automated Planning. The Knowledge Engineering

Review, 27(4):433–467, 2012.

[Joa02] Thorsten Joachims. Optimizing search engines using clickthrough data. In Pro-

ceedings of the Eighth ACM SIGKDD International Conference on Knowledge

Discovery and Data Mining, pages 133–142, 2002.

[Kha99] Roni Khardon. Learning Action Strategies for Planning Domains. Artificial In-

telligence, 113(1-2):125–148, 1999.

[Kor85] Richard E. Korf. Macro-operators: A weak method for learning. Artificial Intel-

ligence, 26(1):35–77, 1985.

[KUMO18] Cezary Kaliszyk, Josef Urban, Henryk Michalewski, and Miroslav Olsák. Rein-

forcement Learning of Theorem Proving. In Advances in Neural Information Pro-

cessing Systems 31: Annual Conference on Neural Information Processing Systems

2018, NeurIPS 2018, pages 8836–8847, 2018.



BIBLIOGRAPHY 119
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