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Abstract

The paper first presents a general
framework of experience-based de-
cision making, in which hypothet-
ical preferences related to new de-
cision problems are induced from
known preferences related to al-
ready encountered problems. A
particular case of this framework,
in which a decision maker distin-
guishes between acceptable and non-
acceptable actions (positive and neg-
ative preferences), is then studied in
more detail. In order to learn ac-
ceptable decision models, a gener-
alization of decision tree induction
is proposed. Finally, some experi-
mental results are presented for this
learning method.

Keywords: decision making, ma-
chine learning, decision trees.

1 Introduction

The classic approach to decision making un-
der uncertainty relies on the paradigm of ez-
pected utility theory (EUT) [6]. This ax-
iomatic framework has a great theoretical ap-
peal but appears rather restrictive from a
practical point of view. Particularly, it as-
sumes the decision maker to have very de-
tailed information at its disposal: A complete
list of possible states of the environment, a
probability distribution over these states, a
list of potential acts, and a numerical utility
value for all act—state pairs.

A more realistic approach may proceed from
the assumption that the behavior of a deci-
sion maker (agent) is guided by its experiences
from previously encountered decision prob-
lems. This idea is a main motivation under-
lying case-based decision theory as introduced
in [2]. In this approach, experience is repre-
sented in the form of cases (p,a,u), where p
is a decision problem, a is an action that has
been chosen by the agent to solve that prob-
lem, and wu is the resulting utility. Faced with
a new decision problem, the agent estimates
the utility of potential actions on the basis of
their performance in situations similar to the
current one.

More generally, experience-based decision
making (EBDM) can be seen as the exploita-
tion of experience from past decision problems
in order to support future decisions. Need-
less to say, EBDM thus defined is closely con-
nected with learning from data. In particu-
lar, case-based decision theory can actually
be seen as case-based learning —a well-known
technique in the field of machine learning—
applied to decision making.

In EBDM, the agent’s information is typi-
cally limited and does not allow for deriv-
ing provably optimal decisions. In this con-
nection, the concept of “bounded rationality”
turns out to be useful. The latter is closely re-
lated to H. SIMON’s idea of “satisficing” [7]:
Roughly speaking, a satisficing agent tries to
choose actions which are satisfactory, but it
does not necessarily try to maximize utility.
Usually, EBDM-agents are satisficing decision
makers.



Apart from limited information, satisficing
decision making is motivated by limited com-
putational resources: More often than not the
use of a, say, deliberative decision model re-
quiring a kind of complete utility analysis will
be too expensive. Rather, an agent might be
interested in, say, reactive or compiled deci-
sion models that allow for example to make
decisions in real-time.

In the following section, we introduce a gen-
eral framework in which EBDM is realized by
generalizing the agent’s preferences (over ac-
tions) from past decision problems to poten-
tial future problems. In Section 3, we con-
sider a special case of this framework in which
the agent makes a crude distinction between
positive and negative preferences resp. accept-
able and non-acceptable actions. We propose
a learning method for generating efficient de-
cision rules for this particular setting. Some
experimental results for this learning method
follow in Section 4.

2 EBDM through Generalizing
known Preferences

Let X denote a set of potential decision
problems resp. situations an agent might en-
counter, and A a set of actions it can choose
from. We assume that the agent’s experience
can be represented as a collection (memory)
M of empirical preferences of the form

a =<z b (1)

with a,b € A and z € X. The meaning of a
preference (1) is as follows: In the situation
x, action b is at least as good as action a.
We assume that =<, is transitive (as a relation
over A) for all z, and that M is transitively
closed. Moreover, we define the strict part of
<, as usual, i.e. a <, b if a <, b and b £, a.

A preference (1) may descend from different
sources. For example, the agent might have
tried both actions, finding that b yields an
outcome at least as good as a. Alternatively,
a satisficing agent might have tried only b, but
since it was satisfied with the result, it prefers
b to all other actions not tried so far.

We consider experience-based decision mak-
ing as generalizing beyond a collection of pref-
erences (1), i.e. as deriving hypothetical prefer-
ences from empirical ones. To illustrate, sup-
pose that an agent found a =<, b for all sit-
uations x € M having a certain property P.
Relying on a kind of inductive reasoning, the
agent might then expect that a <, b will hold
for all x € X having property P.

The perhaps most general learning task re-
lated to EBDM could now be stated as fol-
lows: Induce, on the basis of the empiri-
cal preferences M, a preference function that
maps each situation x € A to a preference
relation over A.

Subsequently, we shall concentrate on a
slightly different problem which is related to
the idea of a compiled decision model: Induce
a decision function (decision model)

A:X — A (2)

that prescribes an action A(z) for all decision
problems x. Thus, we assume that the agent
is first of all interested in a model that pre-
scribes how to act in a situation, i.e. that pre-
dicts the “top-action” rather than a complete
preference relation.

Let H denote the class of candidate deci-
sion models (the hypothesis space in machine
learning). There are two main quality criteria
for a decision model A € H. Firstly, the de-
cision quality depends on the extent to which
the model is in agreement with the empiri-
cal preferences. In fact, a partial order on
‘H can be derived from the preferences in M
as follows: A <o A’ if there is no prefer-
ence (a <z b) € M such that a = A'(z) and
b= A(z). That is, A’ is at least as good as A
if it never prescribes an action that is known
to be worse than the one prescribed by A.

The second criterion concerns the efficiency
or complexity of a decision model. The as-
pect of efficiency becomes especially relevant
if deliberation time is costly or strictly limited
as e.g. in real-time decision making. The effi-
ciency criterion gives rise to a second ordering
relation over H: A <g A’ if A’ is at least as
efficient as A.



The two relations =g and =<g can be com-
bined into an overall preference relation =
over H:

A < A <= def A jQ A’ and A <E A

Needless to say, = thus defined will usually
not identify an optimal decision model in a
unique way. Thus, one has to refer to heuris-
tic principles in order to choose a particular
model among those that are mon-dominated
(a model A is dominated by a model A’ if
A< A,

The above setting can be seen as an interest-
ing extension of the problem of classification,
which is one of the standard problems in ma-
chine learning. In this setting, examples are
of the form (z,y), where y € ) is the class
associated with the instance x. An informa-
tion of this type can also be represented as
follows: y =<, y for all ¥ € Y\ {y}, that
is, the correct class for = is preferred to all
other classes. Consequently, h <g h' for two
classification functions X — Y if all examples
that are classified correctly by h are also clas-
sified correctly by A’. In this connection, it is
interesting to note that in machine learning,
classification functions are usually evaluated
by their classification accuracy (relative fre-
quency of correctly classified examples). The
ordering relation over ‘H induced by this eval-
uation (scoring) is of course much more dis-
criminative than the relation =<g. Moreover,
most approaches used for finding a tradeoff
between the classification accuracy and the
complexity of a model are of a heuristic na-
ture.

3 Learning from Positive and
Negative Preferences

The framework presented in the previous sec-
tion is extremely general. In this section, we
consider a special type of experience-based
decision making, along with a correspond-
ing learning method for inducing a decision
model.

Suppose that, for some decision problems z,
the agent is able to divide the set of actions
A into acceptable and non-acceptable ones.

This distinction complements rather than re-
places a preference relation <,: For two ac-
tions a, b it is quite possible that both are ac-
ceptable even though b is preferred to a. Still,
the following consistency condition should of
course be satisfied: a <, b for all actions
b e Ay,a € A\ Ay, where A, denotes the
actions acceptable for x.

The above assumption is related to the idea
of a denoted utility scale as introduced by
YAGER in [9]. A denoted scale is a bipolar
scale that consists of a positive part and a neg-
ative part. Denoting a scale resp. distinguish-
ing between acceptable and non-acceptable
actions is obviously in line with the idea of sat-
isficing: Suppose that a satisficing agent has
determined, for each action a € A, the degree
of utility resulting from applying that action
to a problem z. Then, referring to a denoted
utility scale, all actions with a utility above
a certain (satisfying) threshold are declared
acceptable. Note, however, that a distinc-
tion between acceptable and non-acceptable
actions may also descend from other sources.
Especially, we do not assume the existence of
a utility function in general.

The learning problem can now be stated as
follows: Induce an as efficient as possible de-
cision model (2) which is consistent with a
memory M of examples (z,, A;,) or, say, ac-
ceptable in the sense that it prescribes accept-
able actions a, € A,, for the z,.

Again, this problem can be seen as an interest-
ing generalization of classification in machine
learning: For each instance z,, there is now
a set of acceptable decisions (classifications)
rather than only one optimal decision. If we
define the acceptance level by (e —1)/(k — 1),
with £ = |A| and e the ezpected number of
acceptable actions for a (randomly selected)
problem z € X, then standard classification
is characterized by an acceptance level of 0.
As opposed to this, the acceptance level is 1
in the extreme case where all actions are al-
ways acceptable.

One important aspect is that acceptable mod-
els might be more efficient (less complex) than
optimal ones, or, more precisely: The larger
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Figure 1: Decision tree implementing a strat-
egy for choosing the dose of a drug.
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the acceptance level, the less complex an ac-
ceptable model will be. To illustrate, consider
the problem of choosing the dose of a drug for
different patients. The decision model repre-
sented by the simple decision tree in Fig. 1
might lead to acceptable results (the utility
of a decision depends on the patient’s state of
health after the treatment), whereas optimiz-
ing the results might require a more complex
model that differentiates more precisely be-
tween patients, e.g. by taking other attributes
in addition to sex and age into account.

In the remainder of this section, we intro-
duce a method for inducing acceptable deci-
sion models in the form of decision trees. Such
models are obviously interesting from an effi-
ciency point of view, since a decision tree can
be seen as a compiled /reactive decision model
consisting of a set of condition—action rules.

3.1 Decision Tree Induction

Here, we briefly recall the basic principles un-
derlying decision tree induction, by now a
well-known and widely applied technique in
machine learning [5, 1].

The principle idea of decision tree learners is
to partition a set of examples, S, in a recursive
manner. FEach inner node 1 of the decision
tree defines a partition of a subset S, € S
of examples assigned to that node. This is
done by classifying elements z € S, accord-
ing to the value of a specific attribute Xj,.
The attribute is selected according to a mea-
sure of effectiveness in classifying the exam-
ples, thereby supporting the overall objective
of constructing a small tree.

A widely applied “goodness of split” mea-
sure is the information gain, G(S, X,), which
is defined as the expected reduction of “im-
purity” in classifying examples which results
from partitioning S according to X,:

G(S, X,) =aet I(S Z ’fS‘ (3)

where [ is a measure of impurity and S;, de-
notes the set of elements x € S whose value
for attribute X, is x,. A standard impurity
measure is the entropy

- Z do - 10g2(Qa)7 (4)

acA

where ¢, is the proportion of elements x €
S with associated classification (decision) o
(0logy(0) = 0 by definition).

The basic learning algorithm derives a deci-
sion tree as follows: The complete set of train-
ing samples is assigned to the root of the de-
cision tree. A node 1 becomes a leaf (answer
node) of the tree if all examples belonging to
that node do have the same class (or if all
attributes have already been used along the
path from the root of the tree to ). Oth-
erwise, 1 becomes a decision node: It is split
by partitioning the associated set of examples.
This is done by selecting an attribute as de-
scribed above and by partitioning the exam-
ples according to the value for that attribute.
Each element of the resulting partition defines
one successor node.

Once the decision tree has been constructed,
each path can be considered as a rule, and
new examples can be classified on the basis
of these rules. Quite often, the induced tree
undergoes further (post-)processing [4].

3.2 Acceptable Decision Trees

As in standard decision tree induction, let de-
cision problems be represented by a fixed set
of attributes (features). Thus, X = X7 x Xy x

..X X, where X, denotes the (finite) domain
of the +—th attribute; each problem x € X is
represented as a vector x = (x1...x,,) of at-
tribute values. Moreover, let A = {a;...a;}
be a set of potential actions.



The training data now consists of a set M of
examples of the form

(‘TZ)AQ%) € X x 2./4’

1=1...n, where A;, is the set of actions ac-
ceptable for the problem x,. The learning task
is to induce, on the basis of M, a decision tree
that prescribes acceptable actions, i.e. that
implements a decision function A : X — A
such that Vo € M : A(x) € A,. As can be
seen, further splitting of a set of examples M,
is not necessary if

A(Mn) —def ﬂ Amz 7é Q)v (5)

J?zEMn

hence, (5) defines a natural stopping condi-
tion for the recursive partitioning. The cor-
responding node n in the decision tree then
becomes a leaf, and any action a € A(M,)
can be chosen as the prescribed decision asso-
ciated with that node.

The main modification of the standard algo-
rithm concerns the “goodness of split” mea-
sure. What is the purity, or rather the de-
cision capability of a set of examples M,,? If
we define q, as the proportion of elements = €
M, such that a € Ay, then go, +...4+qo, =1
does no longer hold. Formally, the entropy
measure (4) could still be applied. How-
ever, entropy has a meaningful interpretation
only for probability distributions. Apart from
that, this measure does not appear reasonable
in our context: The stopping condition (5)
obviously suggests a measure that is mono-
tone increasing in the g, , since the larger the
a,, the higher the chance to satisfy the con-
dition (after few further splits). As opposed
to this, the entropy measure does not only
reward high values ¢,, (close to 1), but also
small values close to 0.

Entropy-like measures, just as other measures
of uncertainty originally established within
the framework of probability, have been gen-
eralized to alternative frameworks such as evi-
dence theory and possibility theory [3]. These
extensions do not appear to be useful in our
context, however, since we do neither need a
measure of non-specificity nor a measure of
conflict.

The perhaps simplest monotone measure! is

max(qa, - - - Qo) (6)

and this measure is indeed interesting since
satisfaction of condition (5) is equivalent to
max(qq, ---qa,) = 1. A drawback of the mea-
sure is of course that it is completely deter-
mined by only one of the ¢,,. As a general-
ization, we therefore considered the following
OWA operator [8]:

k k-1
O'y —def ZZ:lk’y & s
(=% =7)
where 0 < v < 1 and r, is the —th largest

value in the sequence ¢q, ... ¢q,; (6) is obvi-
ously recovered for v = 0.

(7)

As an alternative to (7) we considered a mea-
sure of “potential entropy” which is defined
as follows: Let the class of selections, F(M),
of a set of examples M be given by the class
of (standard) samples

{(z1,a1), (x2,a2),... ,(xp,an)} S X x A

such that a, € A,, for all 1 <1 < n. We
define the potential entropy by

E*(M) =4t min E(S). ()

SeF(M)

As can be seen, (8) is the standard entropy ob-
tained for the most favorable instantiation of
the (generalized) examples (z,, Az, ). It corre-
sponds to the “true” entropy that would have
been derived if this instantiation was com-
patible with the ultimate decision tree. Tak-
ing this optimistic attitude is clearly justified
since the tree is indeed constructed in a hope-
fully optimal manner.

Computing (8) comes down to solving a com-
binatorial optimization problem and becomes
intractable for large samples. Therefore, we
devised two heuristic approximations of (8).
The first approximation is

ET(M) =4 E(S7), (9)

where the selection &* is defined as follows:
The actions «, are “preferentially ordered”

IThis is of course a kind of purity rather than im-
purity measure, hence signs have to be reversed in (3).



according to their relative frequency q,, (ties
are broken by coin flipping), starting with the
most frequent one. Then, the most preferred
action a, € A, is chosen for each example z,.

The second approximation is defined as fol-
lows: Without loss of generality, suppose
Gay = Gas = -+ = Qay- Then,

k
E5(M) =det — 3 b, logs(d),),  (10)

1=1
where ¢/, = qa, if go; + ... + ¢a, < 1 and
= max (1 = (gay +---+ qa,_,),0) otherwise.
Note that (10) may underestimate the po-
tential entropy (there might be no selection
that agrees with the modified frequencies ¢, ),

whereas (9) is provably an upper bound.

3.3 Neutral Preferences

So far, a distinction has been made only be-
tween acceptable and non-acceptable actions
resp. positive and negative preferences. In
practice, however, a decision maker will of-
ten know the effect (utility) of applying an
action in a situation z only for some of the
alternatives @ € A. At least for risk-averse
agents it is then natural to prefer actions that
are known to be acceptable to actions whose
effect is unknown and, moreover, the latter to
actions known to be non-acceptable. Thus,
the agent has neutral preferences that fall in-
between the positive and negative ones.

In order to take neutral preferences into con-
sideration, the above approach can be ex-
tended or, say, embedded into an optimiza-
tion (search) process on a meta-level. The
basic idea is to assign the neutral actions, for
each example z,, either to the acceptable or
the non-acceptable actions. Thus, each A,, is
either defined by the set of acceptable actions
(option o, = 0) or by those that are at least
neutral (o, = 1). Of course, for o, = 0 the
quality of the induced model will be better,
while for 0, = 1 the model will become sim-
pler. Again, a compromise between decision
quality and complexity has to be found.

In principle, a model that achieves an opti-
mal tradeoff between quality and complex-
ity could be found by inducing a model for

each of the 2™ possible options 0 = (01 ... 0y).
Needless to say, this becomes infeasible for
large n. Thus, heuristic search methods have
to be used instead of complete enumeration.
For example, starting with the model for o =
(0...0), a greedy strategy could turn one o,
from 0 to 1 in each step. The correspond-
ing ¢ is chosen by testing all potential can-
didates and selecting the best one (one-step
look-ahead search). The process stops if the
new model does not improve the current one
orifo,=1foralll <i1<n.

4 Experimental Results

This section presents some experimental re-
sults. Since benchmark data sets are not as
yet available for the type of learning problem
introduced above, our experiments are based
on synthetic data.

The main purpose of our first study was to
evaluate and compare the performance of the
different splitting measures introduced in the
previous section. The purpose of a second
study was to investigate the relationship be-
tween the acceptance level and the complexity
of induced models.

4.1 Experimental Study I

Synthetic Data. In our first study, syn-
thetic data is derived on the basis of ran-
domly generated (acceptable) decision trees
that serve as reference models. For each ex-
periment, a decision tree of this kind is gen-
erated as follows: In a first step, a standard
tree is grown in a recursive manner, starting
with the root of the tree and flipping a (bi-
ased) coin to decide whether the current node
becomes an inner node or a leaf. The prob-
ability of a node to become an inner node is
given by 0.8 —¢/10, where t is the depth of the
node. Once a leaf node has been generated,
a decision o € {ay ...y} is assigned to that
node at random. Likewise, each inner node is
assigned one among m possible attributes at
random. We let each attribute X, assume the
v values z, € {1...v}, v € N, so that an inner
node does always have v successors.



In a second step, further (acceptable) deci-
sions are assigned to the leaf nodes of the tree.
More precisely, at every leaf node, the actions
are added independently of each other with a
fixed probability p (hence the acceptance level
is p). Finally, it is checked whether the ex-
panded tree thus obtained can be simplified,
i.e. whether one of the inner nodes satisfies
the stopping condition (5) and should hence
become a leaf.

A set of training examples is then generated
by choosing 1000 instances x at random, us-
ing a uniform distribution over X. The la-
bels A, of these examples are derived from
the above reference tree. For the training ex-
amples, a decision tree is induced using one of
the splitting measures discussed in the previ-
ous section. The performance of a measure
is quantified in terms of the ratio between
the complexity of the induced tree (number
of leaf nodes) and the complexity of the ref-
erence tree. (Note that this ratio can thor-
oughly assume values < 1, since the train-
ing examples might be explained by a model
which is simpler than the model that has gen-
erated the data.) The expected performance
of each splitting measure is approximated by
averaging over 2000 experiments.

Results. Recall that an experimental study
of the above type is characterized by the
following parameters: m = number of at-
tributes, £ = number of decisions, v = num-
ber of values per attribute, p = probability of
adding a decision.

The tables 1-2 show the experimental results
for different settings of the parameters m, k, v
(qualitatively similar results were obtained for
various other settings, not presented here due
to reasons of space). More precisely, each ta-
ble shows the results for the different splitting
measures discussed above and different accep-
tance levels p. For comparison purpose, and
despite of the aforementioned semantic prob-
lems, we also included the standard entropy
formula (4) applied to the values gy, .

The results clearly show that the measure E}
consistently outperforms the other measures.
Moreover, this measure yields models that are

P 0.00 0.20 0.40 0.60 0.80
E7 0.94 0.97 0.99 0.89 0.64
E3 094 1.01 1.05 091 0.63
E 094 124 140 127 0.93
Oo 1.09 1.10 1.07 0.94 0.66
Og2 | 1.04 1.09 1.08 0.96 0.66
Oggq | 1.01 1.06 1.08 097 0.67
Ogs | 098 1.07 1.11 101 0.71
Opsg | 0.97 1.12 120 1.11 0.80

Table 1: Setting m = 12, k = 10, v = 4.

p 0.00 0.20 0.40 0.60 0.80
E7 1.01 1.03 1.12 1.22 1.12
E3 1.01 112 143 132 1.13
E 1.01 130 1.8 191 1.62
Oo 149 145 145 138 1.19
Ogo | 1.31 130 135 132 1.16
Opq | 1.20 121 129 1.30 1.17
Ogg | 1.12 1.15 1.27 1.35 1.23
Opsg | 1.08 1.18 143 1.59 1.43

Table 2: Setting m =12, k =15, v = 3.

only slightly more or even less complex than
the reference models. This suggests that E7 is
indeed a very good measure, in fact not only
in comparison to the alternatives but also in
view of “absolute” standards.

As it was to be expected, the standard en-
tropy E yields good results for p close to 0
but quickly breaks down as p increases. The
results of the best OWA-measures are some-
what comparable to those of E5. As can be
seen, however, the performance strongly de-
pends on the parameter v which has to be
adjusted to the parameter p: The larger p,
the smaller v should be chosen.

4.2 Experimental Study II

Synthetic Data. In the second study, data
was generated as follows: For each experi-
ment, 100 instances x, were selected at ran-
dom from X = {1...v}" (the meaning of pa-
rameters is the same as before). Moreover, a
random utility degree, uniformly distributed
in [0, 1], was assigned to each problem-action
pair (z,,a,), + = 1...n, 3 = 1... k. Fi-
nally, an action o, was declared acceptable



(for x,) if it is not much worse than the opti-
mal action or, more precisely, if u(x,, a;) > c-
maxy—1. k u(z,, o). Here, ¢ is a constant that
can be considered as a measure of the “aspi-
ration” of a satisficing agent: The smaller c,
the larger the acceptance level and the less
ambitious the agent.

Results. Decision trees were induced from
the data using the measure Ef. For m =
10,v = 3,k = 4, the following table shows
the complexity K (number of leaf nodes) of
the trees as a function of the parameter ¢, av-
eraged over 100 experiments:

c 1.0 0.8 0.6 0.4 0.2
K | 7259 55.67 39.55 2492 11.67
+0.36 +£0.40 +0.42 +0.34 +£0.21

Interestingly, the relationship between ¢ and
K is almost perfectly linear. In any case, the
aforementioned effect —a gain of simplicity at
the cost of decision quality — becomes very ob-
vious. Again, similar results were obtained for
alternative settings.

5 Concluding Remarks

We have introduced a framework of
experience-based decision making in which
a close connection is established between
decision making and machine learning. In
particular, we have considered a setting
in which a (satisficing) decision maker can
express positive and negative (any maybe
neutral) preferences. Learning a decision
model from experience was then formalized
as a kind of generalized classification prob-
lem. We have extended standard decision
tree induction for this purpose. The basic
modification of the algorithm concerns the
measure used for selecting splitting attributes
at the inner nodes of the tree.

Different splitting measures have been pro-
posed and evaluated by means of experimen-
tal studies. These studies have shown that a
heuristic approximation of the “potential en-
tropy measure” yields very good results and
consistently outperforms the alternative mea-
sures.

As concerns the learning method for inducing
acceptable decision trees, our main concern
in this paper was the construction of simple
models on the basis of the given data. A fur-
ther point that needs to be investigated is of
course the generalization performance of the
learning method, i.e., the quality of predicted
preferences for new situations x ¢ M. Apart
from that, other machine learning methods
might be useful for the problem considered in
this paper. An obvious alternative to (divide-
and-conquer) decision tree induction, for in-
stance, is the use of general (separate-and-
conquer) rule learning methods.
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