1 Macro-operators

The classical planning problem involves searching for a sequence of opera-
tors. A typical system will use heuristic search, in which a heuristic function
estimates the distance to the goal from a given state [2]. This allows the
system to look at only the most promising states.

Often it is useful to group subsequences of operators into chunks resulting
in a more efficient search. These subsequences are called macro-operators or
macros, and can be treated in the same way as primitive operators (eg.
[5, 8]). Macros can lead to shorter solutions that are obtained by less effort
in the search. However, macro generation increases the size of the operator
set and can also result in a more expensive search. These two effects must
be managed by the macro generator and filtering, so that the overall result
is computationally beneficial.

Some systems generate only macros that skip the expensive parts of a
search, where the heuristic function is increasing. Iba’s Minimum to Mini-
mum heuristic is an example. However, it creates macros that are longer than
necessary, which may mean they are less useful in some domains. Optimal
Tunneling creates minimal length macros that skip expensive search against
the heuristic function.

This paper presents the Optimal Tunneling heuristic. Section 2 describes
Iba’s MACLEARN system. Section 3 motivates and describes Optimal Tun-
neling. Section 4 describes and interprets comparative tests on its perfor-
mance.

2 MacLearn

Iba [6] gives a framework for learning macros in a wide variety of domains.
His system, MACLEARN, solves puzzles and is based on the learning model
shown in Figure 1. The performance element executes a best-first heuristic
search over the operator set. As it finds new states of the puzzle, it passes
that information on to the macro proposer. At certain stages of the search,
new macros are proposed. The static filter decides if a new macro is likely
to be useful, then adds it to the operator set.
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Figure 1: The MACLEARN Learning Model
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Figure 2: The Hi-Q Puzzle : An example of Peg Solitaire
2.1 Operator Set

MACLEARN operators are represented as pairs of rectangular arrays, that
can match at 0°, 90°, 180°, or 270°. The first element of the pair represents
the preconditions of the operator, and the second represents the effects. For
example, in the peg solitaire domain [3] (Figure 2), the only basic operator
is
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Macros are represented in the same way, with the addition of “-” which is a
Don’t Care symbol, for example




The choice of representation is important and the beauty of this one is
that it allows macros to be treated in exactly the same way as primitive
operators. In order for a macro to be useful, it must be generalized so that
it can be used in different parts of the search. In MACLEARN, the macros
are generalized implicitly by the representation, which allows them to be
used anywhere on the puzzle, and at any orientation. There is no explicit
generalization step; the generalization comes free with the representation.

2.2 Macro Proposer

The macro proposer watches the search develop and, based on heuristic rules
we will describe shortly, decides when to learn new macros. Once the decision
is made, a macro is composed from the chosen operator sequence.

2.3 Static Filter

The static filter uses three tests. It removes new macros that are duplicates
of existing operators. The filter also removes macros that are longer than a
given threshold. Long macros will usually have complex preconditions and
thus will not often be applicable. Lastly, a domain dependent test may be
applied.

A macro that passes these tests is immediately added to the operator list,
allowing in-trial learning, as well as cumulative learning across trials. Macros
learned early in the search can be beneficial for the remaining solution as well
as for later problems.

2.4 Dynamic Filter

MACLEARN also uses a dynamic filter to remove macros that are seldom or
never used. This is invoked to remove unused macros after a training session.
It proves to be effective in the peg solitaire domain, but may not always be
helpful, since it can remove potentially useful macros.

2.5 The Minimum to Minimum Heuristic

MACLEARN uses a Minimum to Minimum heuristic to find new macros.
(Figure 3). When the value of a heuristic function at a given state is less
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Figure 3: The Minimum to Minimum Heuristic

than the value at its children, a new macro is proposed between the previous
and current minima.! The motivation behind this heuristic is to eliminate
the segments of the search where the heuristic function is increasing. When a
solution must follow such a segment the neighbouring region of lower heuristic
value is exhaustively searched. By remembering macros that traversed the
“hills,” the system tries to avoid these more expensive segments. The macros
make the heuristic function monotonically decrease along the solution path.

3 Optimal Tunnels

In a domain like Peg Solitaire, the Minimum to Minimum heuristic finds
many useful macros, because the distances between minima are small. How-
ever, in other domains the minima are much further apart, and much longer,
less useful macros are proposed. This section describes a new heuristic for
learning macros: Optimal Tunneling.

'Iba [6] describes the the heuristic function as increasing towards the goal rather than
decreasing, and thus the macro learning heuristic is seen as “Peak to Peak.”
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Figure 4: The Parts of SOKOBAN

Figure 5: The solution to a SOKOBAN problem
3.1 Sokoban [4]

SOKOBAN is an interesting puzzle in which minima are far apart. It is
loosely related to the Fifteen puzzle, but is more complex, with a domain
consisting of several objects (Figures 4 and 5): a penguin, some balls and
the same number of goal squares, and some walls that form a maze.

The object of the game is to move the penguin — up, down, left, and
right — to push all of the balls onto the goal squares. The penguin can move
by itself, or push exactly one ball into an empty space or goal.







