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The learning of concepts from visual input is a field that draws from the areas of both, computer vision and
artificial intelligence. The problems encountered in designing such a system are, therefore, manifold. In the
present work, some of those problems are addressed, and a system that learns simple model descriptions from
sequences of binary images is proposed. The system consists of several independent modules that are grouped
together. As the aim is to develop a system that does not rely on any supervision, the input is provided in the form
of images, either acquired by a scanner or any other reading device. Four major modules can be distinguished; they
are labelling, description, interpretation, and explanation.

Based on some visual input, which has been restricted to binary images, the labelling stage attempts to extract
salient components of the input object. Salient components are assumed to be components that give a concise but
meaningful description of some object, meaningful in an intuitive sense. Since human intuition cannot generally
be captured by a machine, the concept of maximal approximately convex subparts (MACS) is proposed and it is
shown that this notion can represent some of the semantics of an object, solely based on its geometrical structure.
The decomposition into MACS is then used to derive a description of the relations between MACS. This descrip-

tion is in the form of a directed graph, called relational network, whose links quantitatively describe relations. To
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obtain such quantitative relations, it is proposed to generalize commonly used predicate relations, as, for instance,
used in semantic networks, into so-called generalized predicates. Generalized predicates can be viewed as the
“fuzzification” of usual prdicates, and they quantitatively describe relations among MACS. Each generalized
predicate consists of a sum of scaled Gaussian functions; through generalization, this sum of Gaussians will be
adjusted to mirror more general relations and thus provide more general class descriptions.

Once a description of an instance has been obtained, it can be matched with previously acquired concepts or
object class descriptions. Since the basic structure of an instance or a concept is that of a graph, this matching
corresponds to the subgraph isomorphism problem, which is known to be NP-complete. The feasibility of the
matching can be restored, however, by employing a heuristically augmented state-space search. Provided a satis-
factory match is found, the new instance and the concept are generalized to mirror the enlarged class. Generaliza-
tion is carried out in two steps: generalization of the structure of the concept, and generalization of the links and the
generalized predicates. Generalizing the structure of the concept is straightforward; however, the relational net-
work is now transformed into a conceptual network. The difference between the relational network and the con-
ceptual network is that the latter has a third dimension along which concept discrimination is carried out. Generali-
zation of the predicates, on the other hand, has to ensure that the difinition of the generalized predicates is closed
under the used generalization operator. In the present system, an adopted version of MYCIN's generalization
operator has been used. As the steps of matching and generalizing correspond to identifying an instance with some
recorded descriptions, an interpretation of the input image becomes possible.

Finally, the results obtained from generalization have to be explained. As this explanation should be easily
understood by a human operator, a description in near natural language is extracted. Such a description is obtained
by first transforming the conceptual network into a simple semantic network. Based on the extracted semantic
network, it is then relatively easy to produce near natural language, based on a simple set of production rules.

As stated above, the main task of the system is the acquisition of concepts or of model structures. Using the
same mechanisms, however, it is as well possible to recognize new instances based on some concept database.
Recognition is not complete, though, as it is only possible to recognize or to describe an instance in terms of the
recorded concepts. Hence, the approach might be called recognition by experience. On the other hand, even if it is
not possible to completely recognize a new instance, partial recognition based on substructures of the recorded
concepts might be possible. Finally, employing the hierarchical abstraction of concepts that becomes possible in
conceptual networks, certain clusterings of instances can be observed. Those clusterings tend to identify common
substructures among several instances. It is those substructures or partial concepts that might give valuable hints

during recognition.
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