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Abstract

In most research on concept formation within
machine learning and cognitive psychology, the
features from which concepts are built are as-
sumed to be provided as elementary vocabu-
lary. In this paper, we argue that this is an
unnecessarily limited paradigm within which to
examine concept formation. Based on evidence
from psychology and machine learning, we con-
tend that a principled account of the origin
of features can only be given with a grounded
model of concept formation, i.e., with a model
that incorporates direct access to the world via
sensors and manipulators. We discuss the do-
main of process control as a suitable framework
for research into such models, and present a
first approach to the problem of developing el-
ementary vocabularies from perceptual sensor
data.

1 Introduction

The goal of human concept formation is to arrive at a
conceptual system that partitions the encountered ob-
jects and events in a way that enables us to effectively
deal with our environment. As such, the task of concept
formation can be split up into two subtasks, concept
aggregation and concept characterization. Concept ag-
gregation is the decision about which entities are to be
grouped together into a concept, concept characteriza-
tion means finding an intensional description of the pro-
posed concept based on its extension. The latter task is
often called concept learning (from examples).
Consequently, what separates concept formation from
concept learning is the difficult question of deciding
which objects to aggregate, i.e., how to carve up the
world into different concepts. Most operational models
of concept formation, most notably conceptual clustering
systems [Kolodner, 1983; Lebowitz, 1987; Fisher, 1987;
Gennari et al., 1989] base their answer to this question
on an assumption that was nicely formulated by Rosch
and her colleagues [1976; 1978]: The "correlated feature"

*This work was partially supported by the European Com-
munity under ESPRIT contract No. P2154 "Machine Learn-
ing Toolbox".
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view assumes that features in the world occur as clus-
ters, and that the best concepts are those that maximize
intra-concept correlations, and minimize inter-concept
correlations, i.e. reflect the presumed cluster structure
of the world. There is a significant amount of empirical
evidence that people detect and use feature correlations
[Medin et al/., 1982; Younger and Cohen, 1984], and the
existing clustering systems based on the correlated fea-
ture principle and extensions thereof' have been very
successful, both in modeling psychological data [Fisher,
1987], and in solving application problems.

None of the existing concept formation models, how-
ever, examine the fundamental question of where the
building blocks of correlations, namely features, come
from. Invariably, features are assumed to be provided as
elementary vocabulary.

In this paper, we argue that this is an unnecessarily
limited paradigm within which to examine concept for-
mation, and present possible approaches to the problem.
We contend that a principled account of the origin of fea-
tures can only be given with a grounded model of concept
formation, i.e., with a model that incorporates direct ac-
cess to the world via sensors and manipulators. Even
though we present first steps towards such a grounded
model, the primary goal of the paper is to pull together
different lines of argumentation within psychology and
machine learning in order to establish a solid foundation
for research into grounded models.

The paper is organized as follows. In section 2, we
pose the problem of features in more detail, and discuss
proposed solutions from the fields of machine learning
and neural networks. In section 3, we consider the pos-
sibility that features are simply "hard-wired" into the
human perceptual system as innate capabilities. Based
on those discussions, we then propose a framework in
which the feature formation problem can be examined
(section 4), and present first steps towards a model of
grounded concept formation (section 5). Related work
is discussed in section 6. Section 7 contains our conclu-
sions.

'See [Wrobel, 1991] for a more detailed discussion of var-
ious concept formation approaches.



2 The problem of features

In the introduction, we have already identified the cen-
tral assumption that underlies most concept formation
research: the assumption that features are elementary
units of description that are given and can be used as
building blocks of concepts. This assumption can be
seen as an instance of a basic axiom of the information
processing paradigm of cognitive science and artificial in-
telligence, in that it assumes that there is information in
the world that an intelligent agent can absorb. Without
repeating the philosophical discussion about this point
(cf. [Wittgenstein, 1953]), suffice it to say that this ax-
iom is very hotly debated, and that it is being contrasted
by the constructivist view that there is no information
in the world (not even data), and that all structure or
information is created inside the intelligent observer. In
other words: Nothing in the world is independent of hu-
man observation.

Even though we do not share the extreme construc-
tivist position, we believe that any concept formation
process relies on the filtered perception/interpretation of
the world that the observer imposes. Returning to fea-
tures, this means that any concept formation model rely-
ing on features must include an account of their creation.
Otherwise, we would have only replaced the concept for-
mation problem by the equally hard feature formation
problem.

2.1 The new-term problem in machine learning

Within machine learning, the problem with features has
been recognized as the new-term problem (or the problem
of constructive induction) in recent years: considerable
effort is required to make sure that the input represen-
tation of a learning problem is stated with the "right"
features that enable the learning program to find the de-
sired target concept. J.R. Quinlan [1983], for example,
has reported spending several weeks on designing a rep-
resentation for learning a chess endgame concept ("lost
n-ply").

Various solutions to the new-term problem have been
proposed, many based on the heuristic that a new fea-
ture is to be introduced whenever the existing fea-
tures no longer allow the formulation of a concept de-
scription that separates the positive from the nega-
tive examples. Utgoff's STABB [1986] and Schlimmer s
STAGGER [1987] use this strategy for a learning-frorn-
examples task; the BLIP system [Wrobel, 1988] has used
it within observational learning. While other strate-
gies for performing new-term construction have been
used (eg. [Muggleton and Buntine, 1988; Wirth, 1989,
Rouveirol and Puget, 1990]), all approaches construct
their new terms by defining them in terms of already
existing terms. Thus, they all share the same funda-
mental limitation — their new features can never leave
the "closure of existing symbols", i.e., can never distin-
guish situations or objects that were indistinguishable
with the original feature set?. In a sense, they are mere
abbreviations that allow more concise concept descrip-
tions.

2This is true even for recursive definitions.

2.2 Symbol grounding and Connectionism

Any true solution to the new feature problem requires
access to the "real world" that the symbolic system is
trying to model. It is insufficient to define the meaning
of symbols by a semantics that is externally ascribed
to them (eg. by the system constructor); instead, their
meaning must be intrinsically grounded in the world —
this is the problem of grounding meaning [Cottrell et a/.,
1990], or more specifically, of grounding symbols [Hamad,
to appear].

It is important to emphasize that the problem
of grounding symbols is different from the sym-
bolic/subsymbolic/nonsymbolic debate that is currently
fought out within Al and related disciplines. On first
sight, nonsymbolic approaches seem the right answer
if symbols are the problem. In distributed connection-
ist approaches (neural networks, cf. [Rumelhart et a/.,
1986]), for example, there are no symbols, i.e., no single
physical tokens with an assignable meaning. Instead, in-
formation is represented in a network of interconnected
nodes by the weights attached to the connections, and
by the activation patterns of the nodes. Those activa-
tions are the result of propagating the activation of a set
of input nodes along the weighted connections, modify-
ing them accordingly. Meaning cannot be attributed to
any single node or weight, only to distributed patterns
of weights or activation. Thus there are no symbols —
and no symbol grounding problem?

Closer inspection reveals that the crucial point is not
the absence of symbols, but the role of the input nodes.
In many applications of neural networks, the input nodes
can be seen as simply encoding a set of (preselected) in-
put features. In those cases, there still is a "grounding”
problem without symbols: the function computed by the
network is still expressed only in terms of those input fea-
tures. As an example, we can look at recent research by
Lee, Flowers, and Dyer [1990] on building symbols in a
connectionist system. They feed encodings of proposi-
tions into a connectionist network, and manage to form
hidden layer patterns that can be interpreted as symbolic
representations of objects. The symbols seen as bit pat-
terns have the desirable property of encoding their own
meaning in terms of their relation to other objects, but
they are still not grounded in the world — they can be no
finer grained than the input propositions they were built
from. Thus, the important point is not the presence or
absence of symbols, but whether the learning system is
actually grounded in its environment.

3 Features as innate structures

Even if the world does not come prepackaged into fea-
tures, an important issue to consider is whether el-
ementary features are perhaps innate structures that
have developed evolutionarily. To answer this question,
a large body of research exists within developmental
psychology®. Even though there is no unanimously ac-

*We have used, among others, the reviews by Gibson and
Spelke [1983] about perception, Mandler [1983] about rep-
resentation, Sigel [1983] about concepts, and by Oerter and
Montada [1982].
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cepted position on some of the issues, and some of the
data are contradictory, it is safe to say that in the do-
main of perception, humans are innately endowed with
an important array of capabilities. Most notable, for
our purposes here, is the ability to perceive the world in
terms of objects and events from very early on: "Some
mechanisms for detecting invariants are present at birth
[.. .]1." [Gibson and Spelke, 1983, p. 3].

Under suitable conditions, even a newborn infant will
reach for a visible object. At 2 to 4 weeks, infants showed
avoidant behavior (retracting their heads and interpos-
ing their hands) when confronted with an approaching
("looming") object. At one month of age, infants reli-
ably turn their heads towards a target if that target is
introduced not too far away from their line of sight. This
behavior can be shown both for visual and auditory tar-
gets. At the age of 3 months, infants generally swipe at
objects, and at 4 1/2 months, they begin to systemat-
ically reach for them. At 3 1/2 months, infants attend
to the rigidity, and at 6 months, to the weight of objects
as indicated by their anticipatory muscle tension. These
findings demonstrate that even newborns are capable of
perceiving objects and events in their environment and
reacting to them, and that attributes such as weight and
rigidity are being used relatively early.

Thus, from the outset, there seems to be a preco-
ordinated system of perception and action in humans.
This is also reflected in various proposals of representa-
tional systems developed eg. by Piaget [1977], Werner
[Werner, 1948; Sigel, 1983], and Bruner [Bruner, 1973;
Oerter and Montada, 1982]: they all include a senso-
rimotor level as the basis of the representation system
(Bruner uses the term enactive representation). Above
the sensorimotor level, we find a perceptual level, where
experience is represented by a selective organization of
percepts and images (Bruner's iconic level), and a sym-
bolic level.

Nonetheless, it is also clear that the perceptual level
is not cast in stone. For certain perceptual cate-
gories, within-category differences look much smaller
than between-category differences even when they are
of the same size physically. Instances of this perceptual
categorization effect have been observed empirically in
color and phoneme perception [Harnad, 1987]. Those
effects are dependent on the categories available in the
native language of a person, and can therefore not be
present at birth. Furthermore, they can be modified by
acquiring new categories.

In summary, it seems to reasonable to assume that
in humans at least, the input to concept formation pro-
cesses is at the level of sensing and acting, but not in
the form of uninterpreted physical stimuli, but in a form
that innately separates out objects and events. Later de-
velopment then improves the precision of this process to
the extent that the perceptual system can benefit from
additional acquired categories and features.

4 A Research Framework

A grounded model of concept formation should there-
fore incorporate some degree of built-in structure on the
perceptual level, but also mechanisms to change and/or
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augment the elementary features that were initially pro-
vided. Given the emphasis that psychological theories
place on actions, events [Nelson, 1983], and goal-oriented
behavior [Barsalou, 1983] (see [Wrobel, 1991] for a more
detailed discussion), such a model should be developed in
a framework that allows these aspects to be incorporated
as well. Instead oflooking at the concept formation task
on isolated objects, it must be examined in the context
of an agent that is acting in its enviroment according to
a certain set of goals.

The obvious choice for such a framework would be
to use a robot in a real environment, equipped with vi-
sion, multi-joint manipulators, and the ability to move
around. Even though this setting is very attractive for
machine learning from a theoretical as well as application
point of view (see eg. Mitchell et. al.'s [1989] proposal),
we believe it is unnecessarily complex for studying the
issues we are interested in. Robot vision and motion con-
trol are difficult problems the solution of which is unre-
lated to the concept and feature formation issues that we
want to examine: The discussion of innate capabilities
in section 3 showed that at the sensorimotor level, a lot
of precoordinated schemata exist that probably cannot
be acquired by the kind of general (ontogenetic) mecha-
nisms we are interested in here.

If one removes the vision and motion aspects of a
robot, one is left with a setting where an agent inspects
its environment with a number of simple sensors, has a
number of simple effectors, some problem solving goals,
and means of assessing its own success or failure. A con-
crete instantiation of this situation can be found in pro-
cess control, a domain where Al techniques are beginning
to be applied [Rowan, 1989]. There, a control system
takes multiple-process sensor inputs, analyzes the data,
makes decisions about the operating conditions of the
process, and adjusts certain control parameters. Thus,
in this concrete setting, the agents sensors are the pro-
cess measurement devices, its effectors are the parame-
ters that can be set (eg. valves), and its problem solving
goal is to keep the process operating optimally, which
can be measured by certain key parameters.

Within this general scenario, we will use the following
assumptions:

« All sensor values are real numbers, and there are
minimum and maximum values.

* All effectors are binary parameters, i.e., an action
consists of an assignment of values to all effectors.
This is also sufficient to model command selection
by using the convention that an effector command
is executed whenever its assigned value is non-zero.

* There is an fixed internal feedback function ("re-
ward center", cf. [Whitehead and Ballard, 1990])
that computes a goal satisfaction indicator based
on the current sensor values.

Is this too simple a scenario? We believe not:

+ there is an environment that provides a continuous
flow of input in which "events" can happen,

+ the agent has goals and means of achieving those
goals,
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Figure 1: Sketch of a grounded concept formation model

* real-valued sensors are sufficient to model categori-
cal perception effects, eg. for color.

Nonetheless, the models developed in this setting and
the predictions they make will have to be carefully evalu-
ated with respect to their generality; the fact that human
concept formation takes place in a three-dimensional en-
vironment may require qualitatively different methods.

5 Towards a model of grounded
concept formation

In this section, we present a preliminary model of a
concept-forming agent that could be operating in the
above "process-control" framework.

The model takes a deliberate top-down approach to
the problem of grounding symbols, i.e., it tries to aug-
ment the existing successful approaches to concept for-
mation with a grounding in the world, instead of re-

placing them by a totally new mechanism. This con-
trasts with bottom-up approaches that promise one
general explanatory mechanism (cf. [Schnepf, 1990;

Kugler et al., 1990]), but cannot offer the capabilities
of existing symbolic models (yet).

As the heart of the agent, we use a hierarchy of proba-
bilistic concepts [Smith and Medin, 1981] that has been
used in similar form in the clustering systems COBWEB
[Fisher, 1987] or UNIMEM [Lebowitz, 1987]. The con-
cept hierarchy is used not to cluster objects, but situ-
ations of the world in order to predict an appropriate
reaction in terms of effector values. Each situation is
described by a nominal (symbolic) value for each of the
sensors that is computed from the real-valued "raw" sen-
sor data by a preprocessing element®.

The preprocessing elements segment the real-
numbered value range of their sensors into a number of
disjoint intervals that are each represented by a symbolic
value; those values constitute the system's set of features

“The agent's sensors sample their associated signal ac-
cording to a certain sampling interval. For simplicity, one
may assume the sampling interval as fixed and appropriate
to the rate of change in the environment, or one could use an
adaptive mechanism that increases (decreases) the sampling
rate whenever a certain number of subsequent samples have
been different (the same).

— its elementary symbolic vocabulary. The initial vo-
cabulary could either be a maximally coarse, i.e., binary
segmentation, or a specific pre-determined segmentation
that the agent could have inherited through evolution-
like processes. This opens up the interesting possibility
of using genetic algorithms [DedJong, 1988] to study the
development of elementary feature sets.

Without specifying the details of classification and ac-
tion selection (cf. [Carlson et a/., 1990] or [Haider, 1991]
for possible approaches), we now want to briefly sketch
the basic idea of a demand-driven feature refinement
strategy. Whenever the system has classified a situa-
tion into its conceptual hierarchy, it executes the action
that is associated with the chosen concept, and expects
a positive feedback in the next sampling interval. If a
negative feedback is observed instead, the system must
modify its concept hierarchy by splitting the chosen con-
cept in such a way that the erroneous action is no longer
predicted. This corresponds to splitting an overly gen-
eral rule into several more specific rules.

Splitting a concept node, however, is possible only if
the existing concept is not maximally special yet, i.e.,
if the chosen concept is not a completely specified leaf
of the hierarchy. Otherwise, a refinement of the exist-
ing features is necessary: the segmentation rules in the
preprocessors are changed so that the segments corre-
sponding to the attribute values of the current situation
are split in half.

The reverse process, i.e., a coarsening of the available
vocabulary, can be performed by analyzing the use of
attribute values in the concept hierarchy, and combining
the segments of those neighboring values that represent
noninformative distinctions®.

Based on the above or similar processes of vocabulary
refinement and coarsening, the system develops a sym-
bolic vocabulary that is exactly matched to its task.

6 Related Work

The approach to grounded concept formation presented
here contrast with other proposals eg. by Harnad [1987]
and Cottrell et ai [1990] that use connectionist networks
to learn associations between pictorial stimuli and sym-
bols. Our model cannot at present handle one- or two-
dimensional sensor input, and cannot model the cate-
gorical perception effects that Hamad's model exhibits.
On the other hand, both connectionist models require
hundreds of passes through a training set to learn the
required associations, and thus need input that cannot
possibly come from an actual environment. Further-
more, neither one of the other two models address the
question of where the categories or symbols that the net-
work is to learn come from, and do not attempt to embed
the grounding process into the context of goal-oriented
activity of an agent.

In its emphasis on a complete model of an agent, the

° A distinction is non-informative if the conditional prob-
ability of a (predicted) effector value given an attribute value
is identical or nearly identical for both values. In a prob-
abilistic concept hierarchy, this can be computed from the
attribute probabilities stored with the concepts.
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model presented here is similar to existing cognitive ar-
chitectures like SOAR [Laird et al, 1986], none of which
address the grounding issue, however. In turn, to be
able to concentrate on symbol grounding, our model is
much simpler in its treatment of goal-oriented activity
and does not tackle the problem of planning at all; im-
portant questions with respect to action selection are left
open. Langley et al. [1989] present a complete model of
an intelligent robot with sensing, planning, and action
that uses a very similar clustering approach as presented
here, but does not specifically address the issue of sym-
bol generation or destruction.

The process control research framework is of course
not new; a great body of research exists in traditional
control theory and also in Al. Specifically, our framework
is very similar to the reinforcement Ilearning paradigm
used eg. in [Kaelbling, 1989] and [Whitehead and Bal-
lard, 1990]. The emphasis there, however, is on action
selection and not on issues of representation develop-
ment.

Finally, it is important to point out the difference be-
tween our approach and learning systems that directly
use numerical attributes in their concept hierarchies,
such as UNIMEM [Lebowitz, 1987], CLASSIT [Gennari
et al, 1989], and many of the decision tree systems of the
ID3/CART family. While these systems do perform im-
plicit segmentation of numeric attributes locally in the
nodes of their hierarchies, they do not acquire an ex-
plicit, global symbolic vocabulary. Most importantly,
those methods store and carry along all of the original
sensor data for each example. This does not correspond
well with the available psychological evidence, and con-
trasts sharply with the strongly incremental approach
taken here which assumes that most of the original sen-
sor data are discarded right at the preprocessing stage,
and are not available later on. The resulting suppression
of irrelevant data right at the sensor level might also lead
to conceptual structures that are simpler and more ef-
ficient than those obtained without a presegmentation
stage.

7 Conclusion

In this paper, we have argued for a more encompass-
ing framework in which to study concept formation pro-
cesses. We have detailed why the issue of grounding
meaning is important for a full understanding of con-
cept formation, and why it needs to be studied in the
context of a complete agent model with goal-oriented
activity and true access to the world.

We have proposed a simple scenario in which we be-
lieve the problem of grounding meaning can be studied.
This framework has important limitations that should
be emphasized again: it does not include motion of the
agent in a three-dimensional world, which may well be a
key ingredient of (human) concept formation, and in its
present form allows only simple real-valued or nominal
sensors. At the same time, it is these very restrictions
that allow an examination of the issue of symbol ground-
ing and representation development without having to
solve all existing problems of Al first.

Finally, we have sketched a model of an agent that
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might be able to learn to operate successfully in the sim-
ple world we have set up for it. The model is top-down
in nature, and builds on existing symbolic concept for-
mation work. It contains a demand-driven technique for
introducing truly new symbols based on sensory input,
and a complementary mechanism for discarding unneces-
sary distinctions. It has important shortcomings, among
others the inability to deal with higher-dimensional in-
put sensors.

In the future, we want to elaborate on those parts of
the model that are still sketchy, and test its ability to
develop a vocabulary in an actual simple process control
task. The complexity of environments this model will be
capable of learning will depend to a large degree on the
intelligence of the yet unspecified action modifier mod-
ule. Improvements in the scope of the model will have
to wait until we fully understand concept formation and
the origin of symbols in this simple scenario.
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