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Abstract

The card game Fleusis [1,5] poses an induction problem in which no single model-based
generalization space captures all of the desired gencralizations of the input data. A progrart has
been developed which solves this problem by scarching several different generalization spaces for
plausible Eleusis rules. Multiple generalization spaces require multiple data transtormation methods

for transforming the data into a form suitable for gencralization. Examples of the program’s

opcration arc given and suggestions are made for further rescarch.

Introduction

Simon and Lea {12] have described induction as a scarch process which uses two spaces: a space of
instances and a space of rules. This characterizatior: of induction is very apt and has recently been
extended by Mitchell to take advantage of the general-to-specific ordering of sentences in the
generalization space [10)

Onc of the major goals for future research in induction and problem-sclving is the ability to solve
problems whose formulation is imprecise—whose generalization spaces have not been provided in
advance to the program. The work on the card ganme Elcusis described herein is a very small step
in this direction. Eleusis provides an induction problem for which no single generalization space is
sufficient.  Instead, several different model-based gencrslizaion spaces were identified and
implemented. The Eleusis program scarches this “mecta-space™ of models and within cach model,
conducts a more traditional scarch for plausible generalizations of the input data.  This paper
describes the card game Elcusis and the methods used to perform induction in multiple
generalization spaces. ‘

A Program for Elcusis

Fleusis (developed by Robert Abbott [1, S]) is a card game in which players attempt to inducc a
sceret rule invented by the dealer. The secret rule describes a lincar scquence of cards. I their
turns, the players attempt to extend this scquence by playing additional cards from their hands.
The dealer gives no information aside from indicating whether or not cach play is correct.  Players
are penalized for incorrect plays by having additional cards added to their hands. The gamc cnds
when a player emptics his hand.

A record of the play is maintaincd as a layout (Figurc 1) in which the top row, or mainline, contains
all of the correctly-played cards in scquence. Incorrect cards are placed in side lines below the main
line card which thcy follow.

mainline: 3H 98 4C JD 2C 10084 7H 2C SsH

sidclines: JD AH AS 10H
5D 8H 108
QD

Rule 1: “If the last card is odd, play black, if the last card is cven, play red.”
Figure 1. Saniple Elcusis Layout (after {1]).

The scoring in Fleusis encourages the deaier to choose rules of intermediate difficulty. The dealer’s
score is detennined by the difference between the highest and lowest scores of the players. Thus, a
good rule is onc which is casy lor some players and hard for others.



This rescarch sought to develop a program which could serve as an intelligent assistant to a human
Eleusis player. The program needed to be able to

» discover rules which plausibly describe the layout,
» acceptrules typed by the uscr and test them against the layout,
» cxtend the layout by suggesting cards to be played from the player's hand.

The Learning Problem

This paper focusses on the first goal of the Eleusis assistant: the induction of rules which plausibly
deseribe the layout. In the terminology of Simon and f.ca, the purpose of the program is to find
rules in some generalization space which plausibly describe the layout (which is an ¢lement of the
instance space). The remainder of this paper disqusses what is meant by the terms plausibly describe
and some generalization space, then describes the scarch process used to scarch gencralization space,
-and finally presents an extc_ndcd cxample.

Descriptions

A rule describes the layout if
» the rule could be used to nondeterministically generate the layout, and
» nonc of the incorrect plays could be gencrated using the rule.

In general, a rule describes a whole set of possible layouts just as a grammar describes a sct of
sentences (a language). For cxample, Rule 1 describes any layout in which all black cards arc
preceded by odd cards and all red cards are preceded by cven cards {and in which all black cards

played incorrectly were preceded by cven cards and all red cards playcd incorreetly were preceded
by odd cards).

We stress that the layout generation is uondctcnninistic because of the work donc on scquence
extrapolation [11] where deterministic descriptions are sought. In Eleusis there are usually scveral
ways (o continue the main line.

Plausibility
The conditions for plausibility can bc expressed by the following hcur:sucs

1. Prefer rules with intermediate degree of complexity, In Eleusis, Occams Razor docs not
always apply. ‘The dealer is unlikely to choose a rule which is extremely simple because it .
would be too casy to discover. Yery complex rules will not be discovercd by anyone so the
dcaler is not likely to choose them either.

2. Prefer rules with intermediate degree of generality. The degree of gencrality—the number of
possible layouts which satisfy a rulc—is the degree of nondcterminism in the rule. Eleusis
rules are typically nondeterministic.  Furthermore, rules with low degree of gencrality lead to
many incorrect plays thus rendering them easy to discover. Rules of high generality fcad to
few . incorrect plays and are thercfore difficult to discover.

3. Look for symmetric disjunctions. Rule 1 is an cxccllent example of a symmetric disjunctive
rule. Must often in Eleusis, the terms of a disjunction define mutually exclusive cases which
have some symmctric relationship to cach other. “Ihe dealer is very likely to choose such
rules because they are not tou hard—nor to casy—to discover.

These plausibility heuristics arc casy to formulate in Flcusis because we have insight into the
dealer’s goals and behavior.  In real world problems, we are rarely so fortunate, but plausibility
heuristics can usually still be fonnulated.  Heuristic 3 (symmetry) is built into the model-fitting
algorithms described below. The other heuristics are used to evaluate and discard implausible rules
once they have been discovered.



Generalization Space—Representation Issues

After cxamining several Elcusis games, we concluded that a single gencralization space would nat
suffice to describe all Elcusis rulcs. These are at least three basic classes of descriptions that are
typically used in Eleusis: decomposition descriptions, periodic descriptions, and dsswnctwe normal
form descriptions.  These can be further combined with scgmentation to yield other classes (sce
(3.4]). Each class of rules can be described in terins of a model which describes a logical skelton
that can be fleshed out to forin a particular rule. (We use the term model by analogy with lincar
regression where the modcl is a regression polynomial whose coclficients must be determined by
fiting it to the daw). The thrce basic modcls and their parameters are:

» Decomposition. This model specifies that the rule must take the form of an cxclusive
disjunction of ifthen rules. The condition paris of the rules must refer only to cards prior
to the card to be predicted. The action parts of the if~then rules describe correct plays given
that the condition parts are true. The condition parts must be mutually exclusive
conjunctive descriptions.  The action parts are also conjunctions. Rule 1 fits the
decomposition modcl '

V odd(card,.j) = black(card YV
even(card,. p) = rcd(card)

The decomposition modcel has a lookback parameser L. Tt indicates that the condlt.on parts
of e rules can refer to cards -/, 2, .., &L L must be at least one.

» Periodic. A rule of this modcl describes the layout as a periodic function. For example,
Rule 2 (Figure 2) is a periodic rule. The layout is split into phases according to the length
of the proposed period. The periodic modecl requires that cach phase have a conjunctive
description.

JC 4D QH 35S QD 9H QC 7H QD 9D QC 3H
KC &8 45 - 10D
75

phase 0: JC QH QD QC QD QC
52 4S 10D
7

phase 1: DC' 4D 35 9H 7H 9D 3H
Ki

Rule 2: (periodic rule with length 2):
phase 0: V; faced(card)
phase 1 V nonﬁccd(card,)

Figure 2. A Periodic Rule.

The periodic model has two parameters: the number of phases, P, and the degree of
lookback, L. P tells how many phascs the layout should be split into. L indicates how far
into the past the phase descriptions should go.  For instance, the rule

Piay alternating cven and odd cards where cach cven card must be greater
than or cqual to the last ceven card and cach odd card must be less than or
equal to the last odd card

can be written as:
phase 0: Vi cvcn(card) A '\aluc(card) valuc(card) 2 ‘ -
phasc I: Vi odd(card‘) A valuc(c1rd) < valuc(card ),., ) )

‘This rule has a valuc for L of one: Nutc that we treat cach phasc as a scparate layout with
its own indcxing (so that card; ; is the card preceding card; within this phase, i.c. actually

two cards previous when P-Z) L can be zcro as in Rule 2 above.




» Disjunctive Nornuil Form (DNI) with fewest terms.  The A9 algorithm (Michalski [8]) is

uscd to discover rulcs which have the fewest number of separate conjunctions. The A9
algorithm was given heuristics to guide it towards symmetric, disjoint disjunctive terms.
The DNF model also has a lookback paramcter L.

Induction Mcthods

Now that we have identificd the generalization spaces and the plausibility criteria, we must show
how the scarch of gencralization space is conducted:

1. Choose a model and a paramcterization for that model

2. Transform the raw data—the layout—into a set of very spccific sentences which have the
same logical form as the modcl. We obtain a set of positive sentences from the main line
and a set of ncgative sentences from the sidelines,

3. Generalize over these sentences to find a plausible sentence which fits the model and covers
the positive sciiences but not the negative ones.

The approach of representing the instances as very specific points in generalization space is used by
many researchers including Michalski [9), Larson [7], Hayes-Roth {6], Vere [L4), and Buchanan, ef al.
[2). Most of the work donc on general inductive methods assumes that the instances have been
properly cncoded in the same representation as ti¢ gencralizations to be discovered.  Problem-
specific methods 2. 13], of which Meta-DENDRAL is the most outstanding example, have had to
develop sophisticated preprocessing programs to translate the input data (molecule-spectrum pairs in
the Meta-DENDRAL casc) into a form suitable for gencralization (process-cvidence pairs in Meta-
Dexprat).  In principle, this transformation is unnccessary.  We could gencrate rules in
generalization space and then test them against the raw data, but this testing process would be
extremicly  cumbersome, It would wusually requirc repeating this kind of representation
transformation for each comparison,

The same argumcent—that the input data should be transformed beforé gencralization—applics in
Elcusis, but instead of vne generalization space, we have several—one for each paramcterization of
cach modcl. Figure 3 shows the shapc of this space of models. The Eleusis program performs a
ncarly exhaustive scarch of this space of modcls. Onc can view this as a process of generate-and-
test. We gencrate cach possible model and test it to see how well it fits the data. A further
improvcmcnt in this program would involve strengthening this weak search method to make it more
sclective, for example, by testing the simplest models first and searching only until a few sausfactory
rules had been found. :

An Example

We will show how the program discovers Rule 1 from the layout shown in Figure 1. We will
follow one particular branch of the tree shown in Figure 3—that which leads to a decomposition
model with L = 1. Once this model has been chosen., the layout is converted to the collection of
very specific rules examples of which are shown in Figure 4. Notice that the descriptors color and
parify have been added to the data (in addition to the basic descriptors of suir and value).



The Layout

/(R‘—-M

Decomposition DNF Periodic
mNumber of phases
P=1 = P=3

~ R Lookback

L=1L=2 L=1L=2 L=0OL=1L=OL=1L=0L=1

Figure 3. The Space of Model Parameterizations




Positive sentences:
suit{card;_ ;) =H A valuc(card /)=3 A parity(card;. /) =odd A color(card; /) =red =
suit(card)=S A valuc(card))=9 A parity(card )=o0dd A color(card ) =black
suit(card;. ) =S A valuc(card; ;)=9 A parity(card,. ;) = odd A color(card;_ ;)=black =>
suit(card ) C A value(card ) =4 A parity(card;)=even A color(card ) = blnck
sui{card ) =C AN valuc(cnrdi.l)zcl A parity(card;. j)=cven A color(cardi_l):black =
suit(card ) =D A vatuc(card)=J A parity(card )=odd A color(card ;) =red

Negative scntences:
suit(card;. ))=S A valuc(card; ;)=9 A parity(card;. ;) =odd A color(card,. ;)=black =
suit(card )=D A value(card =1 A parity(card )=odd A color(card ) =red

suit(card. ;) =S A valuc(card; ;)=9 A parity(card ;) =odd A color(card;_ ;) =black =>
suil(card, ) D A value(card ) =5 A parity(card )= odd A color(card )= red

suit(card; )=D A value(card; ;) =J A parity(card_ ;)=0dd A color(card;. p=red =
suil(card ) =H A valuc(card)=A A parity(card)=o0dd A color(card) =red

-Figure d. Layout Represented as Yery Specific Rules

Specialized algorithins have been developed to fit cach model to the prOpcrly prepared data (see
[3.4] for more details). The dccomposmon algorithm (with L = 1) builds “trial dccompositions’™ by
attemipting to build a rule using each of the aunbutes of card; ;-7 as the decomposition variable. It

chooscs the best trial decomposition and (if it is consistent w1th the data) rcturns it as the induced
rule. In particular, when the algorithm builds the trial decomposition based on parity(cardi, it

obtains the following rule:
Vi parity(card; ) = odd = (suit(card) € {C, S}) A
(valuc(card) € {2, 4, 9Y) A
(color(card) = black)
V parity(card; ;) = even = (suit(card) € {D, H}) A
(valuc(card) € {5 17,8 10, 1) A
“(color(card) = red)
Since this rule is consistent with the data, the program applies rules of generalization to drop the
suit and valuc dcscriptors. The final, consistent rule is:
Vi parity(card; ;) = odd = (color(cardl) = black)
V parity(card;_ ;) = even = (color(card ) red)

Similar techniques are used to dlSCOVCl‘ periodic rules, Michalski’'s A? algorithm is used to discover
DNF rules.

Conclusion

A Tearning program can usc scveral models to guide the induction process. For cach modcl, the
raw input data must be transformed into a form suitable for modcl-fitting. Pcrh.lps it is uscful to
view multiple-model lcarning as a recognition process in which cach modcl ‘trics™ to recognize the
input data as being an instance of itsclf. This perspective may aid the design of systems which can
handle large numbers of models. The problem of transforming the data to fit these models will
nced to be solved first, however, before large numbers of models can be used.

wh
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