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Abstract

One of the most common mechanisms used for speeding up problem solvers is macro-
learning. Macros are sequences of basic operators acquired during problem solving. Macros
are used by the problem solver as if they were basic operators. The major problem that
macro-learning presents is the vast number of macros that are available for acquisition.
Macros increase the branching factor of the search space and can severely degrade problem-
solving efficiency. To make macro learning useful, a program must be selective in acquiring
and utilizing macros. This paper describes a general method for selective acquisition of
macros. Solvable training problems are generated in increasing order of difficulty. The
only macros acquired are those that take the problem solver out of a local minimum to a
better state. The utility of the method is demonstrated in several domains, including the
domain of N x N sliding-tile puzzles. After learning on small puzzles, the system is able
to efficiently solve puzzles of any size.

1. Introduction

The goal of a learning system is to modify a performance element so as to improve its
performance with respect to some given criterion. The learning system does so by using its
experience to generate knowledge for use by the performance element. Most of the machine
learning community is concerned with improving the classification accuracy of classifiers
based on classified examples. A smaller part of the community is concerned with improving
the speed of search programs based on problem-solving experience. This type of learning is
commonly termed speedup learning (Tadepalli & Natarajan, 1996).

One of the most common methods of speedup learning is the acquisition of macro-
operators (Fikes, Hart, & Nilsson, 1972; Iba, 1989; Korf, 1985; Laird, Rosenbloom, &
Newell, 1986; Markovitch & Scott, 1988; Minton, 1985; Ruby & Kibler, 1992). Given the
traditional definition of a search space with a set of states and a set of basic operators that
connect them, a macro-operator is defined as a finite sequence of basic operators. Macro-
operators are typically acquired during problem solving and are used in the same manner as
basic operators. The process of acquiring macros is relatively simple. A system needs only
to solve training problems and pass the search tree to the acquisition procedure, which, in
turn, can add any sub-sequence of operators from the tree to its macro knowledge-base. The
acquired macros, however, carry costs as well as benefits. One of the most significant costs
associated with using macros is the increased branching factor of the search space. When
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the costs outweigh the benefits, we face a phenomenon called the utility problem (Minton,
1988; Gratch & DelJong, 1992; Markovitch & Scott, 1993; Mooney, 1989).

Due to the very large number of macros available for acquisition, a learning program
must be selective in order to obtain a macro set with high utility. The goal of this research is
to demonstrate that a simple macro-learning technique, combined with the right selection
mechanisms, can lead to a speedup learning algorithm that is powerful and general, yet
simple as well.

We start by defining a framework for selective macro-learning and describe the general
architecture of a macro learner. The information filtering framework (Markovitch & Scott,
1993) is used to describe the various logical components of a macro learner. In particular,
the framework emphasizes the important role of the selection mechanisms used during the
learning process. We continue by describing the Micro-HILLARY algorithm. To make the
presentation and the experiments clearer, we present the algorithm in two stages. We first
describe a simplified version of the algorithm that learns macros for a single domain at a
time. We then show a generalized version that can handle a family of domains.

Micro-HILLARY, like all other macro-learners, is useful for satisficing search. Macro-
learning has a negative utility when used for optimizing search (Markovitch & Rosdeutscher,
1992). Even when the learned macros are optimal they are not useful for optimizing search
procedures: knowing the shortest way from point A to point B and the shortest way from
B to C' does not tell us anything about the optimality of their concatenation.

The input for the MicrRO-HILLARY algorithm is a domain, specified by a set of basic op-
erators, a heuristic function (not necessarily admissible) for evaluating the merit of states,
and a function for generating random goal states. The MiCRO-HILLARY algorithm per-
forms learning by experimentation (Mitchell, Utgoff, & Banerji, 1983). It generates solvable
training problems with an increasing level of difficulty. The training problems are solved
by a search program that performs hill-climbing combined with a procedure for escaping
local minima. The escape routes are then recorded as macros. The problem solver uses
the same search procedure, using macros as if they were basic operators. MiCRO-HILLARY
performs the maximal possible generalization by trying all the macros in all the states.
Such a method increases the branching factor by the number of macros and would be too
expensive when used in search procedures such as best-first search. Using this method in
hill-climbing significantly reduces this overhead (unless the solutions found are significantly
longer).

The architecture of MICRO-HILLARY contains building blocks that are inspired by the
earlier works of many other researchers. Generating training problems with increasing dif-
ficulty was done manually by several researchers (for example Iba, 1985; Minton, 1985;
Mitchell et al., 1983). EASe (Ruby & Kibler, 1992) used hill-climbing to avoid expo-
nential increase in search time as a result of adding macros. Morris (Minton, 1985)
and MacLEARN (Iba, 1985) used macro selection methods that inspired the one used by
Micro-HILLARY. The MICRO-HILLARY architecture is a well-balanced and well-tuned com-
bination of these building blocks that emerged after extensive experimental study.

The main domain upon which MiCRO-HILLARY was tested is the general N x N sliding-
tile puzzle (Ratner & Warmuth, 1990) which includes as special cases the 8-puzzle, 15-puzzle
and the 24-puzzle. The 8-puzzle and the 15-puzzle problems have long been popular among
mathematicians (Johnson & Story, 1879; Kraitchik, 1953; Tait, 1880) and Al researchers.
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The sliding-tile puzzles are among the most commonly used domains for testing heuristic
search algorithms and macro-learning (Bui, 1997; Iba, 1985; Korf, 1985; Laird et al., 1986;
Ruby & Kibler, 1992; Schofield, 1967). The reason for the popularity of sliding-tile puzzles
is the simplicity of their specification combined with the very large size of their associated
search space (Pearl, 1984, p. 4). An N x N puzzle problem has an associated search graph
of size N2!/2. The optimizing N x N puzzle problem is NP-hard (Ratner & Warmuth,
1990), although some research efforts have been made in finding optimal solutions to the
15-puzzle (Korf, 1985) and the 24-puzzle (Korf & Taylor, 1996). It is not difficult to
devise a domain-specific algorithm for solving the satisficing N x N puzzle problem (see
for example Ratner & Warmuth, 1990). However, the attempts to find even non-optimal
solutions for the puzzle using weak methods were successful only for small puzzles. A notable
exception is the paper by Korf (1990), who outlined a search algorithm for solving N x N
puzzles. MacLeARN(Iba, 1989), for example, one of the most successful macro-learners,
was demonstrated solving only a single 5 x 5 puzzle problem.

It is therefore a worthwhile challenge to devise a simple, domain-independent, learning
algorithm that will be able to acquire the ability to efficiently solve any solvable N x N
puzzle problem. The paper includes a comprehensive set of experiments that test the
properties of the algorithm mostly in the N x N puzzle domain. We show that the learned
macros can solve very large puzzles, and supply a formal proof that the generated macros
are sufficient for efficiently solving puzzles of any size.

While the N x N puzzle is the main domain tried, the MicrRo-HILLARY algorithm is
completely domain-independent. We made efforts to build a minimal domain-independent
architecture that is sufficient to solve the N x N puzzle, as well as problems in other
domains, without introducing domain-dependent enhancements. We include experiments
in other domains to demonstrate that the algorithm is indeed domain-independent.

Section 2 defines selective macro-learning and identifies the choices to be made when
designing a macro-learning system. Section 3 describes the general Micro-HILLARY! algo-
rithm for learning macro-operators. Section 4 describes experiments with MiCRoO-HILLARY
in various domains, mainly the 15-puzzle domain. Section 5 describes an extension of
Micro-HILLARY that is able to learn a family of domains that are differentiated by a single
numeric parameter, and describes the application of the parameterized algorithm to the fam-
ily of N x N puzzle domains. Finally, Section 6 discusses and sums up MICRO-HILLARY’s
strengths and weaknesses, in comparison to other macro-learning algorithms.

2. Background: Selective Macro-Learning

Let S be a finite set of states. Let O be a finite set of operators where each operator o € O is
a function o : S — SU{0}. If o(s) = (), we say that o(s) is undefined. A problem is a pair of
states (s;, s,), where s; € S is called the initial state and s, € S is called the goal state.? A

1. Micro-HILLARY is a simplified version of a system called Hillary (Finkelshtein & Markovitch, 1992).
The program was named after Sir Edmund Hillary. We did not notice that the name Hillary had already
been used by Iba, Wogulis and Langley (1988).

2. The formalization could have used a goal predicate that returns true for states that are goal states. For
simplicity we assumed a single specified goal state.
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solution is a sequence of operators (o1, ..., 0%), such that og (...01 (s;)...) = s,. A problem
p = (8;,54) is solvable if there exists a solution for p (specified by solvable(s;, s,)).

A macro-operator is a sequence of operators m = (o01,...,0;). A macro-operator m is
applied to a state s € S by applying its basic operators in a sequence. If while applying the
sequence of operators we encounter an undefined application, the application of the macro
is undefined.

m(s) =

{ f(oior(s)..) Vi<k[oi(...on(s)...) # 0]

otherwise.

A problem solver ¢ is an algorithm that takes a problem p and a set of operators O
and applies operators to states, searching for a solution to p. Given a solvable problem
p, a problem solver ¢ and a set of operators O, we define SearchCost(p,p,O), the cost
of solving p using ¢ and O, as the number of operator applications performed by ¢ until
a solution is found. Note that SearchCost is different from the solution cost—the cost of
the solution path according to some cost function. In this work we are only interested in
satisficing search—minimizing the cost of the search regardless of the cost of the resulting
solution.

The wtility of a set of macros M, with respect to a problem p, a problem solver ¢ and
a set of operators O, is defined as

Upp0o(M) = SearchCost(p,p,O) — SearchCost(p, p,OU M). (1)

Thus, the utility of a set of macro operators with respect to a given problem and a given
problem solver is the time saved by using these operators. When the problems are drawn
from some fixed distribution D, we use expectation values for a problem randomly drawn
from D:

Upo(M) = Epgy[SearchCost(p, p,0) — SearchCost(p, p, O U M)]. 2)

In general, the utility of knowledge depends on the criteria used for evaluating the perfor-
mance of the problem solver (Markovitch & Scott, 1993). Equation 2 assumes a speedup
learner, i.e., a learner whose goal is to increase the speed of solving problems.

Most of the macro-learning systems perform learning by experimentation (Mitchell et al.,
1983). The program solves training problems and acquires sequences of operators applied
during the search. Given a set of operators O, a distribution of problems D, and a problem
solver ¢, the goal of a macro-learning system is to acquire a set of macro-operators M, such
that U, o (M) is positive, and as high as possible. It is quite possible, however, that the
utility of M will be negative, as the added macros also increase the branching factor.

Markovitch and Scott (1993) introduced the information filtering framework, which of-
fers a systematic way of dealing with the utility problem by being more selective. The
framework identifies five logical types of selection processes in learning systems: selective
experience, selective attention, selective acquisition, selective retention and selective uti-
lization. The framework views learning programs as information processing systems where
information flows from the experience space through some attention mechanism, through
an acquisition procedure to the knowledge base and finally to the problem solver. The five
filters are defined with respect to their logical location within the information flow.
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Figure 1: The architecture of an off-line macro-learning system. Training problems are generated
and filtered by the experience filter. The attention procedure converts the search traces
into operator sequences that are filtered by the attention filter. The sequences are con-
verted to macro-operators. The acquisition filter decides whether to add new macros to
the macro set. The retention filter deletes macros with negative utility. The utilization
filter allows only a subset of the macro set to be used by the problem solver.

The general architecture offered by the information-filtering framework, instantiated to
off-line macro-learning, is shown in Figure 1. Markovitch and Scott argue that the art of
building successful learning systems often lies in selecting the right combination of filters.
A careful examination of existing macro-learning systems reveals that those containing
sophisticated filtering mechanisms performed the most successful learning.

3. MICRO-HILLARY

In this section we discuss MICRO-HILLARY—a particular instantiation of the architecture
described above that is both very simple, yet powerful enough to perform efficient learning
in a large class of problem domains. MiCRO-HILLARY, like most macro-learners, works with
satisficing (Simon & Kadane, 1975) search programs, i.e., programs whose goal is to find
solutions as fast as possible regardless of the length of the solution found (Pearl, 1984, p. 14).
Such programs typically use heuristic functions which serve as preference predicates—the
search strategy prefers to expand states with a lower value. In this work we consider heuristic
functions which are not necessarily underestimating, but are always positive, except in the
goal states where they have a zero value. We call such heuristic functions well-behaved.
Many of these heuristic functions order states reasonably well except in a small number of
local minima. The basic idea of MICRO-HILLARY is to acquire macro-operators for escaping
from local minima, i.e., macros that lead from a local minimum to a state with a better
heuristic value.

Micro-HILLARY works by generating training problems and solving them. A good way
to detect local minima is to use a search method such as hill-climbing, which is susceptible
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to local minima. Therefore, MicRO-HILLARY uses simple hill-climbing® for its problem
solver, both in the learning and in the problem-solving mode. When trapped in a local
minimum, MICRO-HILLARY searches for a way out to a state with a better heuristic value,
and records this escape route as a macro-operator. Let () be a predefined limit. We say that
MicroO-HILLARY is in quie e e when it solves () consecutive training problems without
ac uiring any new macros. MICRO-HILLARY uits when it detects uiescence.

When used for solving e ternally supplied problems, MicRO-HILLARY uses the union of
the basic operators and the learned macros. When faced with a local minimum, it searches
for an escape route but does not ac uire macros. n alternative version can perform on-
line learning. igure shows the MICRO-HILLARY algorithm. To complete the algorithm
we need to specify a method for generating training problems and a method for escaping
from local minima. The € e procedure serves both for learning and for solving
e ternally supplied problems.

The basic architecture of a macro-learning system re uires a mechanism for generating
training problems and a method for filtering them or, alternatively, a method for ordering
them . The main goal of the filter is to save learning resources by concentrating on helpful
problems. To focus the attention of the learner, our ac uisition method considers only
macros that are parts of the solution path. Therefore, to save learning resources, a good
problem generator should generate only solvable problems. n addition, it is desirable to
order the training problems in increasing levels of di culty. This saves learning resources
by ac uiring as much nowledge as possible using easy problems.
ne good way to implement such a problem generation methodology is to re uire a

domain-specific generator for each domain. or e ample, solvable problems in the
pu le domain can be generated by performing an even permutation on the goal state.

ince one of our main goals was to ma e the algorithm as domain-independent as possible,
we have supplied a default domain-independent generator that wor s in many domains,
including the sliding-tile pu le. ur default problem generator assumes the following

The specification of the problem domain includes an algorithm for generating random
goal states unless there is only one goal state .

Il the operators are e e ¢ e. fthereis an operator connecting state  to state
then there is also a se uence of operators connecting  to

lternatively, the specification of the domain includes a list of reverse operators.

roblems are generated by applying a random se uence of operators to a randomly gen-
erated goal state. This process is nown as . The length of the random
se uence is increased after each problem generation. n some domains, when the random
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