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(54) Online learning of grounded categories using adaptive feature spaces

(57) The invention therefore provides a method for
categorizing input patterns, comprising receiving from an
accepting of means at least one input pattern including
sensorial information representing observations, gener-
ating at least one feature pattern by transforming the in-
put pattern by application of at least one feature extrac-
tion module which learns from the performed generating
process, categorizing the feature pattern into a category
by application of at least one learnable categorization
module which learns from the performed categorization

process. The learning of the feature extraction module
uses input from at least one categorization module based
on which the feature extraction module extracts a feature
pattern discriminating the categories obtained by the cat-
egorization module, and the generating and categoriza-
tion process are performed on a processing means. The
method further comprises storing a category derived
from the categorization process with features of the input
pattern, and returning category information for the input
pattern by an output means.
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Description

[0001] The invention relates to a method and system for simultaneous learning of categories and category-discrimi-
native feature spaces in an online, incremental fashion.
[0002] The invention can for example be used to interactively teach a robot to learn visual descriptions of objects, to
acquire the meaning of words, or to learn detectors for entities important for the robot (e.g., faces or humans). Furthermore,
the invention can be used by a robot to categorize auditory and/or visual events (e.g., speech vs. non-speech) or to
learn important robot joint configurations (e.g., the hand state for a successful grasping). Additionally, the invention can
be used in the domain of industrial process monitoring where the state of an industrial machine or a whole production
process can be categorized (e.g., "ok", "near to failure", or "error").
[0003] Further, the invention can also be applied in various other domains, one of them being robotics but as well
applied in systems for ground, water and/or air bound vehicles, including systems designed to assist a human operator.
The method and/or system disclosed herein in general may be used whenever a technical (e.g., an electronic) system
is required to autonomously learn characteristics and/or properties of objects (e.g., size, distance, relative/absolute
position also to other objects, spatial alignment, relative movement, speed and/or direction and other related object
features or feature patterns) which are presented to the system.
[0004] In order to process the obtained real-world information (observations), the invention applies neural networks,
which can generally be used to infer functions from observations. Neural networks allow working with none or only little
a priori knowledge on a problem to be solved and also show a failure tolerant behavior. Problems that may be addressed
relate, e.g., to feature identification, control (vehicle control, process control), game-playing and/or decision making,
machine vision and/or pattern recognition (facial recognition, object recognition, gesture recognition, speech recognition,
(handwritten) character and text recognition), medical diagnosis, financial applications (automated trading systems),
data mining (or knowledge discovery) and/or visualization, etc.
[0005] A neural network thereby consists of a set of neurons and a set of synapses. The synapses connect neurons
and store information in parameters called weights, which are used in transformations performed by the neural network
and learning processes.
[0006] In particular, the invention applies normalized Gaussian networks (NGnet), which are networks of local linear
regression units. Neural networks adhering to a Gaussian network model partition an input space by normalized Gaus-
sians (i.e. Gaussian functions), and each local unit linearly approximates the output within the partition.
[0007] Typically, an input signal or input pattern is accepted from a sensor, which is processed using the neural
networks implemented by hardware units and software components. An output signal or output pattern is obtained,
which may serve as input to other systems for further processing, e.g. for visualization purposes. The input signal may
be supplied by one or more sensors, e.g. for visual or acoustic sensing, but also by a software or hardware interface.
The output pattern may as well be output through a software or hardware interface or may be transferred to another
processing unit or actor, which may be used to influence the actions or behavior of a robot or vehicle.
[0008] Computations and transformations required by the invention and the application of neural networks as well as
those necessary for maintaining, adjusting and training the neural network, may be performed by a processing means
such as one or more processors (CPUs), signal processing units or other calculation, processing or computational
hardware and/or software, which might also be adapted for parallel processing. Processing and computations may be
performed on standard off the shelf (OTS) hardware or specially designed hardware components. A CPU of a processor
may perform the calculations and may include a main memory (RAM, ROM), a control unit, and an arithmetic logic unit
(ALU). It may also address a specialized graphic processor, which may provide dedicated memory and processing
capabilities for handling the computations needed.
[0009] A neural network is configured such that the application of an input pattern or a set of input patterns produces
(either ’direct’ or via a relaxation process) a set of (desired) output patterns. Various methods to set strengths/weights
of synaptic connections between neurons of the neural network exist. One way, which is not an object of the invention,
is to set the weights explicitly, using a priori knowledge. Another way is to ’train’ the neural network by feeding it teaching
patterns and letting it change its weights (learning) according to some learning rule/algorithm.
[0010] Also data storage is usually provided. The data storage is used for storing information and/or data obtained,
needed for processing and results as well as data required by the neural network. The stored parameters may be adapted
to facilitate leaning. The storage also allows storing or memorizing observations related to events and knowledge de-
ducted therefrom to influence actions and reactions for future events.
[0011] The storage may be provided by devices such as a hard disk (HDD), RAM and/or ROM, which may be sup-
plemented by other (portable) storage media such as floppy disks, CD-ROMs, Tapes, etc.. Hence, a program encoding
a method according to the invention as well as data acquired, processed, learned or needed in/for the application of the
inventive system and/or method may be stored in a respective storage medium.
[0012] In particular, the method described by the invention may be provided as a software program product on a (e.g.,
portable) physical storage medium which may be used to transfer the program product to a processing system or a
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computing device in order to instruct the system or device to perform a method according to this invention. Furthermore,
the method may be directly implemented on a computing device or may be provided in combination with the computing
device.
[0013] Core techniques in this invention are categorization modules and feature extraction modules. A categorization
module incrementally builds a representation of a category given a certain feature space, whereas a feature extraction
module provides a feature space (a set of features) in terms of a transformation from a set of basic inputs.
[0014] Furthermore, a feature extraction module continuously adapts its output feature space such that it aids the
categorization carried out by the categorization modules. In other words, a feature extraction module tries to extract
features which best discriminate the categories represented by the categorization modules. Respective training data for
learning the transformation carried out by a feature extraction module is generated by the categorization modules. Since
feature extraction and categorization are performed simultaneously, the categorization modules have to continuously
adapt to the changing feature spaces.
[0015] The ability to form and use categories is one of the key factors of human intelligence. Consequently, artificial
intelligent systems targeting human-like performance should also provide categorization ability.
[0016] Furthermore, it is advantageous to construct adaptive systems which are able to incrementally learn categories
during interaction with their environments. This fact poses several constraints on the used methods:

- Firstly, since training exemplars sequentially arise, an online learning process in contrast to batch learning processes
(which are usually used in present categorization methods) has to be used.

- Secondly, the system should be able to make use of the formed categories even after the exposure to just a few
training exemplars. Consequently, the system cannot collect sufficient statistics to form final categories, it rather
has to form gross initial categories and refine them later on according to upcoming training exemplars.

- Thirdly, present categorization systems usually first extract category-discriminative features which are then used
by a categorization module. Since (in our case) the system cannot collect sufficient statistics, it initially cannot know
which features are important for the present categorization task. Consequently, a continuous feature extraction
incorporating sequentially arising training exemplars is feasible. The learning of a feature extractor, thus, has to be
done simultaneously to the learning of a categorizer for which the categorizer has to be able to adapt to the contin-
uously changing feature space.

- Lastly, in order to save memory resources it is advantageous not to memorize all training exemplars in order to
adapt the feature extractor according to the accumulated knowledge. Rather, the knowledge already represented
within the categorization module should be used to adapt the feature extractor.

Technical background of the invention

[0017] Most present work on the categorization of input patterns rely on statistical learning for both the extraction of
features as well as the learning of a categorizer (see, e.g., A.K. Jain et al., "Statistical Pattern Recognition: A Review",
IEEE Transactions on Pattern Analysis and Machine Intelligence, 22(1):4-37, 2000 for a review on these methods).
They are characterized by a segregation of a batch learning of a feature extractor and a subsequent learning of a
categorizer. Consequently, these methods cannot be used in an online experimental setup where training samples
sequentially arise.
[0018] Only a few methods suitable for incremental, online category learning exist. Examples for these methods are
the algorithms belonging to the family of Adaptive Resonance Theory (ART) networks (cf., e.g., G.A. Carpenter and S.
Grossberg, "Adaptive Resonance Theory", The Handbook of Brain Theory and Neural Networks, MIT Press, Cambridge,
USA, 2003). ART networks incrementally acquire category representations but, in contrast to the invention, operate on
a fixed feature space. They, thus, do not extract category-discriminative features which may aid pattern categorization.
[0019] An incremental learning approach for categorization which further adapts the feature representation has been
proposed (see S. Kirstein et al., "A Vector Quantization Approach for Life-Long Learning of Categories", Advances in
Neuro-Information Processing, LNCS 5506, pp. 805-812, Springer Berlin / Heidelberg, 2009). However, this method
does not use feature extraction (i.e. it does not generate new feature dimensions as a transformation from a set of basic
features) but rather performs feature selection (i.e. it selects informative features out of a set of features). Consequently,
the set of predefined features (from which the method can select some) restricts the applicability of such a system to
tasks which can be solved using the existing feature set. Therefore, the designer of a system has to provide informative
features given its domain knowledge. In contrast, the invention relates to a system which incorporates feature extraction.
Consequently, only a small number of features have to be provided to the system, whereas the system generates further
features out of existing ones according to task demands.
[0020] A system which incrementally learns a feature extractor as well as a categorizer has also been presented (see
S. Ozawa et al., "Incremental Learning of Feature Space and Classifier for Face Recognition", Neural Networks, 18
(5-6):575-584, 2005). This system is similar to the invention insofar as a feature extraction module and a categorization
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module are learned simultaneously, where the categorization module has to continuously adapt to the changed feature
space. However, in contrast to the invention the feature extraction is decoupled from the categorization, i.e. it does not
make use of the representation employed by the categorization module to extract category-discriminative features.
Furthermore, the system makes use of a separate memory for retraining the categorizer on a changed feature space.
In contrast, the invention does not make use of such an additional buffer and, thus, saves memory resources particularly
for difficult (complex) categorization problems.
[0021] It is hence an object of the invention to provide an adaptive method and to construct an adaptive system which
is able to incrementally learn categories during interaction the environment and does not show the limitations of the prior
art.
[0022] The invention shows how the close coupling between a feature extraction module (FEM) and a classification
module (CM) leads to improved feature extraction (and therewith also categorization) and saves computational resources.
Particularly, the simultaneous training of CM and FEM, the adaptation of a CM to a changing feature space, and the
generation of training samples for the FEM by the CM delineate the invention from other methods.

Summary of the invention

[0023] This object is achieved by a method and a system according to the independent claims. Advantageous em-
bodiments are defined in the dependent claims.
[0024] The invention therefore provides a method for categorizing input patterns, comprising receiving from an ac-
cepting of means at least one input pattern including sensorial information representing observations, generating at
least one feature pattern by transforming the input pattern by application of at least one feature extraction module which
learns from the performed generating process, categorizing the feature pattern into a category by application of at least
one learnable categorization module which learns from the performed categorization process. The learning of the feature
extraction module uses input from at least one categorization module based on which the feature extraction module
extracts a feature pattern discriminating the categories obtained by the categorization module, and the generating and
categorization process are performed on a processing means. The method further comprises storing a category derived
from the categorization process with features of the input pattern, and returning category information for the input pattern
by an output means.
[0025] The learning of the feature extraction module may include training.
[0026] The training of the feature extraction module might use training samples generated by the at least one cate-
gorization module.
[0027] The training of the feature extraction module can use training samples selected based on information derived
from the at least one categorization module.
[0028] The feature extraction module and the categorization module may learn incrementally.
[0029] The at least one categorization module can be instructed to adapt to a feature space provided by the at least
one feature extraction module.
[0030] The adaptation of the feature space may be based on analytical determinations.
[0031] The feature space can be adapted by retraining the categorization modules.
[0032] The learning of a feature extraction module may rely on at least one of a maximization of mutual information,
a discriminant analysis, a principle component analysis, and an independent component analysis.
[0033] The categorization module can be implemented by an artificial neural network.
[0034] The artificial neural network may be a normalized Gaussian network.
[0035] The normalized Gaussian network can be an adaptive normalized Gaussian network.
[0036] The accepting means for accepting an input pattern may be at least one of a sensor, a hardware interface and
a software interface.
[0037] The processing means might be a processor and/or a signal processing unit formed of hardware and/or software.
[0038] The processing means may be adapted for parallel processing.
[0039] The output means can be at least one of a hardware interface, a software interface and an actor.
[0040] In another aspect of the invention, the invention provides a computer system for categorizing input patterns,
comprising an accepting means for receiving at least one input pattern including sensorial information representing
observations, a processing means employed to generate at least one feature pattern by transforming the input pattern
by application of at least one feature extraction module which learns from the performed generating process, the process-
ing means employed to categorize the feature pattern into a category by application of at least one categorization module
which learns from the performed categorization process. The learning of the feature extraction module uses input from
at least one categorization module such that the feature extraction module extracts a feature pattern discriminating the
categories obtained by the categorization module. The system also comprises a storage storing a category derived from
the categorization process with features of the input pattern, and an output means for returning category information for
the input pattern.



EP 2 345 984 A1

5

5

10

15

20

25

30

35

40

45

50

55

Brief description of the figures

[0041]

Figure 1 shows an example for a configuration of the categorization framework. It consists of one FEM transforming
input patterns to feature pattern and one CM which in turn categorizes feature patterns.

Figure 2 illustrates learning in a categorization framework composed of one FEM and one CM.

Figure 3 shows a binary CM. It categorizes a feature pattern to be either a member of a first or a member of a
second category, where the first category is the opposite to the second category.

Figure 4 shows a multi-category CM. It categorizes a feature pattern to be a member of one of the supported
categories. Here, the categories do not necessarily be opposites of each other.

Figure 5 shows a categorization framework composed of one FEM and one binary CM.

Figure 6 shows a categorization framework composed of one FEM and one multi-category CM.

Figure 7 shows a categorization framework composed of one FEM and multiple binary CMs.

Figure 8 shows an example categorization framework composed of two FEMs as well as one multicategory and
one binary CM. It serves the categorization of input patterns to be either "adult", "child", or "infant" as well
as "male" or "female".

Figure 9 shows an example for a categorization framework which uses multiple FEMs to form a feature space.

Figure 10 illustrates receptive fields (width of the dashed Gaussians) as well as output weights (amplitude of the
dashed Gaussians) of 4 local experts. The straight line shows the corresponding output of an NGnet. As
can be seen, an NGnet provides excellent inter- and extrapolation capabilities compared to RBF networks,
whose output would be 0 in regions which are not covered by the receptive fields of local experts.

Figure 11 shows a splitting of a local model. The receptive field of the original model (dashed line) becomes refined
and covered by two new models.

Figure 12 illustrates the merging of two multivariate Gaussian distributions (dashed lines) with importance weights
ω1 = 0.75 and ω2 = 0.25 for the algorithms using (a) the Kullback-Leibler divergence and (b) the Jenson-
Shannon divergence.

Figure 13 shows an NGnet applied to the cross function approximation problem: (a) the cross function, (b) the
network’s approximation, and (c) the receptive fields of the local experts.

Figure 14 sows that the NGnet shown in Figure 13 served as basis for generating 500 input samples corresponding
to c~=0 and c~=1, respectively.

Figure 15 shows an improved generalization procedure based on the relevance of feature.

Figure 16 illustrates a setup of an experiment according to the invention.

Figure 17 shows the results of the experiment for learning the meaning of "left to". The evolution of the number of
hidden units used by the normalized Gaussian network is depicted in the upper panel, whereas the mean
squared error of the categorization is plotted in the bottom panel.

Terms and definitions

Category

[0042] A category is a collection of entities which share some typical perceptible.
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Categorization

[0043] Categorization is the process of dividing a set of observations into groups or categories whose members share
some typical perceptible. Thereby, an observation may belong to multiple categories.

Classification

[0044] Classification is the process of assigning an observation / entity to one and only one of mutually exclusive
classes. Thereby, the members of a class fulfill the explicit definition of the class.

Feature

[0045] In general a feature is a prominent part or characteristic of an entity or category. Here, the term feature is used
to refer to a (multi-dimensional) vector which is obtained via a transformation from a (multi-dimensional) input vector.
Since the invention relates to a technique for learning category-discriminative features, after learning the features should
reflect the (unique) characteristics of the different categories.

Feature Extraction

[0046] Feature extraction is the process of creating new features in terms of transformations from a set of basic features.

Feature Selection

[0047] Feature selection is the process of selecting one or more features from a set of basic features.

Grounding

[0048] Grounding refers to the process of linking a symbol (e.g. a word) to its meaning. In the context of category
learning a category label corresponds to a symbol which becomes linked to the typical perceptible of the category
members.

Mutual Information

[0049] Mutual information is a quantity that measures how much one random variable tells us about another. It can
be thought of as the reduction in uncertainty about one random variable given knowledge of another. High mutual
information indicates a large reduction in uncertainty; low mutual information indicates a small reduction; and zero mutual
information between two random variables means the variables are independent. For two discrete variables X and Y
the mutual information I(X;Y) between them is formally defined as

Here, PXY (x,y) is the joint probability distribution and Px (x) and PY (y) are the marginals.

Discriminant Analysis

[0050] Discriminant analysis is a collection of methods concerned with the extraction of features which best discriminate
different categories. Most prominent methods are Linear Discriminant Analysis or Generalized Linear Discriminant Anal-
ysis (for a detailed description of them see C.M. Bishop, "Neural Networks for Pattern Recognition", Oxford University
Press, New York, USA, 1995).

Principle Component Analysis

[0051] Principal Component Analysis is a method which learns a linear transformation from one space into another,
such that the dimensions of the output space are orthogonal and have maximum variance. The main applications of
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Principle Component Analysis are feature weighting and selection as well as dimensionality reduction (for a detailed
description see S. Haykin, "Neural Networks: a comprehensive foundation", 2nd edition, Prentice-Hall, New Jersey,
USA, 1999).

Independent Component Analysis

[0052] Given a source vector U composed of independent sources [U1, U2,...,Um]. The linear system X=AU is con-
sidered, whose characteristic is defined by the mixing matrix A. Given the observations X the aim of Independent
Component Analysis is to find a demixing matrix W with Y=WX such that Y resembles U, i.e. to extract the sources
which cannot be observed (for a detailed description see S. Haykin, "Neural Networks: a comprehensive foundation",
2nd edition, Prentice-Hall, New Jersey, USA, 1999).

Detailed description of the invention

[0053] In the following an example is provided which should illustrate the process of learning categories according to
the explanation given above.
[0054] Therefore, it should be assumed that a system has to form a category corresponding to the meaning of "left
to", which describes a spatial relation between two locations. Furthermore, assume the system has access to the absolute
positions of the two locations in some world coordinate system. Obviously, the system initially does not have access to
the feature dimension which is relevant for the categorization task, which is the difference of the horizontal components
of the absolute positions. Consequently, a classifier may memorize some training samples as prototypes (which are
either members or not members of the category "left to"). It may further categorize an unknown situation according to
its similarity to already acquired prototypes.
[0055] Such a categorizer will obviously require enormous memory resources in case of complex categorization tasks.
However, this can be circumvented by abstracting among the acquired prototypes. Even after a few training samples
the system may be able to abstract, i.e. to detect the relevant feature dimension. Having the relevant feature dimensions
at hand, the complexity of the category representation employed by the categorizer (e.g. the number of memorized
prototypes) can be significantly reduced, while classification performance remains the same or even increases due to
enhanced generalization ability.

Description of the Categorization Framework

[0056] The problem of incremental category learning on adaptive feature spaces is considered. Therefore the invention
describes a categorization framework which consists of at least one feature extraction module (FEM) and at least one
categorization module (CM). For the following description of the framework x denotes the inputs to the framework, y
denotes the features internal to the framework, and c denotes the category labels.
[0057] The simplest version of the proposed framework for the categorization of an input pattern is illustrated in Figure
1. It consists of exactly one FEM and one CM. The FEM transforms an input pattern x to a feature pattern y which in
turn serves as input to the CM. The CM finally categorizes the feature pattern y and outputs the category label c. Figure
1 illustrates the use of the categorization framework. However, it does not illustrate how the framework simultaneously
learns the FEM and CM. Based on training samples (x,c), which denote a tuple of an input pattern x and its corresponding
category label c, the categorization framework can be learned as depicted in Figure 2. Firstly, the FEM transforms the
input pattern x to a feature pattern y. In principle any type of transformation might be implemented by the FEM. Without
prior knowledge, the FEM may initially implement the identity mapping, i.e. y=x. Secondly, the feature pattern y as well
as the category label c serve as input to the CM. Based on the tuple (y,c) the CM can be trained in a supervised fashion.
Thereby, the exact training technique of course depends on the model chosen to implement the CM. In the invention a
generative models for the implementation of CM is considered. Here, a model to be generative is denoted, if it can be
used to generate category representatives y’ given a category label c’. Based on tuples (y’,c’) generated by the CM, the
FEM can be trained in a supervised fashion. Thereby, the exact training technique of course depends on the method
chosen to implement the FEM. Since the training of the FEM results in a change of the feature space produced by the
FEM, the CM finally has to adapt to the changed feature space.
[0058] In summary, the training of the proposed categorization framework can be done by two processes which can
be executed one after the other. However, they even can be executed independently of each other.
[0059] A training step for a CM can be summarized as follows:

1. Get a training sample (x,c).
2. Generate a feature pattern y by means of applying the FEMs associated with the CM on the input pattern x.
3. Use the tuple (y,c) to adapt the CM.
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[0060] A training step for the FEM can be summarized as follows:

1. Let the CMs associated with the FEM generate tuples (y’,c’) for categories c’ represented by the CMs.
2. Use the tuples (y’,c’) to update the FEM.
3. Adapt the CMs associated with the FEM to the changed feature space.

[0061] Next, different possible categorization systems will be considered in terms of their configurations of FEMs and
CMs. Therefore, two types of categorization modules will be presented first. The first one is a binary categorizer as
depicted in Figure 3. Given a feature pattern y it categorizes the pattern to be either c=1 or c=0, where the category
label 0 denotes the opposite to the category label 1. This type of categorization module can act as a detector of a certain
category. Consider the example of face detection. The category c=1 may correspond to the category of faces, whereas
c=0 corresponds to all non-faces. Consequently, if the CM outputs 1, it has detected a face represented by the feature
pattern y.
[0062] The second type of categorization module performs multi-class categorization as depicted in Figure 4. For
this type of categorization module, the fact, that one category is the opposite of another category, may not hold. Consider
the example of face recognition. Here, the category c=0 may correspond to the face of a certain person, whereas the
category c=1 may correspond to the face of another person, and so on.
[0063] Given these types of categorization modules, different types of categorization systems can be constructed.
The first one is depicted in Figure 5. If the face detection example is considered, the CM may generate training tuples
(y’,c’) with c’=1="face" and c’=0="non-face" such that the FEM can be trained to produces features suited to discriminate
between faces and non-faces.
[0064] Face recognition (as described previously) can be achieved by the categorization framework depicted in Figure
6. The CM can produce training tuples (y’,c’) with c’=0..N such that the FEM can be trained to produce features suitable
for the discrimination between the faces of different persons. However, the same task could be achieved by the use of
multiple binary CMs operating on the same feature space (see Figure 7). The different CMs may cooperatively produce
training tuples (y’,c’) with c’=0..N, such that similar discriminative features may be learned.
[0065] Consequently, it can be summarized that multiple CMs can be linked to a feature space produced by a FEM.
The FEM can be trained by training tuples which are generated by CMs linked to the feature space produced by the
FEM. Thereby, the training set comprises representatives of all classes or only a subset of classes represented by the
CMs.
[0066] The suitability of the different configuration schemes are illustrated on the example depicted in Figure 8. This
example makes use of two FEMs. Thereby, the first FEM produces a feature space y1 suitable for the discrimination
between an adult, a child, and an infant. The respective categorization is carried out by the CM linked to y1. The second
FEM produces a feature space y2 composed of gender-discriminative features. The respective categorization is carried
out by the binary CM linked to y2.
[0067] In addition to the linkage of multiple CMs to a feature space produced by one FEM (see Figure 7), multiple
FEMs may cooperatively produce a feature space which can be used by one or multiple CMs. This type of configuration
is depicted in Figure 9, where the CM stands for one or multiple categorization modules. In this example, the FEMs
produce feature spaces Y1, ..., YM which jointly form the feature space y. The feature space y is finally used by the CM.
Consequently, the CM may generate training tuples which are used to train each of the FEMs.
[0068] In summary, a categorization framework according to the invention comprises one or more FEMs as well as
one or more CMs. The FEMs independently or jointly produce feature spaces by means of a transformation from an
input space. On the different feature spaces, one or multiple CMs perform categorization. CMs are able to generate
feature patterns as representatives of the categories represented by the CMs. These training samples can in turn be
used to train the FEMs which produce the feature spaces the CMs are working on.

Implementation

[0069] In this section, an implementation of the proposed categorization framework is suggested. Thereby, a FEM is
comprised of two stages:

- Firstly, MRMI (Maximizing Renyi’s Mutual Information) (as proposed in K.E. Hild et al., "Feature Extraction Using
Information-Theoretic Learning", IEEE Transactions of Pattern Analysis and Machine Intelligence, 28(9):1385-1392,
2006) and,

- Secondly, PCA (Principle Component Analysis). For the CM an adaptive version of the NGnet (normalized Gaussian
network) is used (see J. Moody and C. J. Darken, "Fast learning in networks of locally-tuned processing units",
Neural Computation, 1 (2) :281-294, 1989 for an introduction to NGnets).
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[0070] In the following a detailed description of the implementation is provided. It is outlined how FEMs and CMs can
be implemented. Further, details of a possible implementation of the invention are provided, and it is described how
FEMs and CMs can be coupled to yield the proposed categorization framework.

Feature Extraction

Maximizing Renyi’s Mutual Information (MRMI)

[0071] Let X and C be a stochastic input stimulus vector and its associated category label with x (m) and c (m) being
random realizations of them. The aim of the feature extraction stage is to find a function φ which extracts category-
discriminative features Y =φ(X). Here, only linear transformations of form Y=R*X are considered. For the evaluation of
the feature extraction quality the mutual information can be used. It describes the amount of information the random
feature vector Y carries about the category C.

Thereby, H (Y) and H(Y|C) are the entropy and the differential entropy according to Shannon.
[0072] It has been proposed (in K.E. Hild et al., "Feature Extraction using Information-Theoretic Learning", IEEE
Transactions on Pattern Analysis and Machine Intelligence, 29 (9) :1385-1392, 2006) that the feature extraction matrix
R can be learned by maximizing the information-theoretic criterion I(Y;C). Thereby, Shannon’s definition of entropy H
(Y) can be replaced with Renyi’s quadratic entropy H2 (Y) which can be efficiently calculated using Parzen windows.

Here, a Gaussian kernel evaluated at x, where the kernel is centered at the origin and

has a diagonal, isotropic covariance matrix.
[0073] Consider a training set composed of samples yj(n) = R*xj (n) . Let Mj denote the number of samples belonging

to category j, Mc the number of categories, and the length of the training set. Then the information

theoretic criterion can be formulated as follows:

[0074] Consequently, R can be learned via stochastic gradient ascent on I (Y; C)
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where ηMRMI is a learning rate.
[0075] Let ∆ym= y(m) - y(m - 1) and ∆xm = x(m) - x(m - 1) then ∆ym = R * ∆xm. Therewith, the important derivatives
for learning are as follows:

Principle Feature Component Space

[0076] Without loss of generality the stimuli X is assumed to be white with zero mean and unit variance, i.e.

[0077] Then the covariance of the feature vectors Y is as follows
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[0078] Let ψ= [ψ1.ψ2,....ψN] be the eigenvectors of R * RT and Λ=[λ1,λ2..... λN] the associated eigenvalues . Then the
principle feature component space can be obtained by

where Λ denotes the variances along the principle components of the feature space. Furthermore, the eigenvalues Λ
represent the distribution of the features’ energy among each of the principle components. Consequently, one can restrict
feature extraction to the principle feature components whose cumulative energy content exceeds a threshold θPCA with

0 ≤ θPCA≤ 1 (e . g . θPCA = 95%). Therefore, let the columns of ψ be arranged such that their associated eigenvalues

are sorted in descending order, i.e. λ1≥ λ2 ≥...≥λN, and let ε(k), be the cumulative energy content among the first k

principle feature components, i.e. ε(k) Then ψ is chosen according to

[0079] Taking into account that forms an orthonormal basis with the feature extraction stage can

be summarized by its feature extraction function

as well as its inverse transformation

Categorization

[0080] The aim of the categorization layer is to provide a categorization function such that Ω is an

approximation of the mapping Sv—C, where Sy denotes the extracted feature space. Here, only a binary categorization
task, i.e. C={0,1} is regarded.

Normalized Gaussian Network

[0081] A Normalized Gaussian Network (NGnet) (see J. Moody and C. J. Darken, "Fast learning in networks of locally-
tuned processing units", Neural Computation, 1(2):281-294, 1989) is used to implement Ω.For the sake of generality in
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the following the D-dimensional output space RD is considered (even though in the application 1-dimensional outputs

are used). Given an input y (out of the feature space Sy) an NGnet’s output is calculated according to

[0082] Thereby, φi,(y) denotes the response of hidden unit i to input y, M is the number of hidden units, and αi the
weight vector from unit i to the output units. In an NGnet the response of a hidden unit i is described by a radial basis
functions (RBF), e.g. a multivariate Gaussian of form

where mi and Σi denote the center and covariance matrix of the Gaussian. Therefore, an NGnet is similar to a RBF
network except for the normalization of the output by the total activity of the hidden units. The effect of this normalization
is a competition between the hidden units. More precisely, it is a competition for responsibility for the input y. In this
way, the hidden units softly partition the input space Sy into regions, such that each hidden unit is responsible for inputs
stemming from its associated region. In other words, the hidden units represent local models (or local experts, see R.A.
Jacobs et al., "Adaptive Mixtures of Local Experts", Neural Computation, 3, 79-87, 1991) of the mapping to be approx-
imated. For this reason, these terms can be used interchangeably.
[0083] A further advantage of the normalization term is an improved inter- and extrapolation compared to RBF networks,
as it is illustrated in Figure 10.

Online Expectation-Maximization (EM) Training

[0084] A stochastic interpretation of an NGnet has been proposed previously (see L. Xu, "RBF Nets, Mixture Experts,
and Bayesian Ying-Yang Learning", Neurocomputing, 19, 223-257, 1998). Therefore, consider each local model to be
described by a Gaussian, i.e. given an input y the i-th model’s conditional probability density over the output c is

where describes the parameters of the NGnet. Furthermore, let p(y/i.Θ) be a Gaus-

sian probability density function (pdf), i.e.

[0085] If is chosen (which models the competition between the hidden units) the

probability that the local model i is responsible for an input y turns out to be
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[0086] Consequently,

is obtained, whose expectation is given by

[0087] As can be seen, the conditional expectation E(c/y,Θ) matches the definition of an NGnet. Therefore, the pa-
rameters Θ of the NGnet can be estimated by maximum likelihood learning on the log-likelihood of the observed data
({y}{c}), which is given by

[0088] This can be achieved by an iterative Expectation-Maximization (EM) algorithm (as proposed in L. Xu, "RBF
Nets, Mixture Experts, and Bayesian Ying-Yang Learning", Neurocomputing, 19, 223-257, 1998):

- E-Step: Given the current estimator value Θ the posterior probability of assigning the mapping task for the pair (yt,
Ct) to the i-th local model can be calculated according to Bayes rule:
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- M-Step: By using the posterior probability the log-likelihood can be maximized by adapting  to Θ* with:

[0089] The EM algorithm outlined above carries out batch learning, that is all samples (yt.Ci) for t = 1....,T are known
during training. For an online learning algorithm it is necessary to adapt the network parameters Θ sequentially whenever
a new training sample is obtained. This is achieved via stochastic approximation of form

with η being a learning rate and et the error for the t-th sample. Individual adaptive learning rates ηi for each local model
i have been suggested (cf, e.g., L. Xu, "RBF Nets, Mixture Experts, and Bayesian Ying-Yang Learning", Neurocomputing,
19, 223-257, 1998). They are calculated as follows

with

where ηNG is a baseline learning rate. As can be seen, ni(t) calculates an averaged learning rate for the i-th model,
whereas γi(t) denotes the i-th model’s mean proportion on the learning of the overall network. Since the i-th models
instantaneous learning rate ηi(t) is proportional to the posterior probability that the i-th model describes the mapping of
the t-th training sample scaled by γi(t), this mechanism implements a kind of learning rate homeostasis. In other words,
a local model which best describes the mapping task for many training samples will incorporate each sample with
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relatively small instantaneous learning rates. In contrast, a local model which best describes the mapping task for just
a few training samples, will learn on these samples with relatively high instantaneous learning rates. As time evolves,
the local models will thus approach similar mean learning rates.
[0090] Using these adaptive learning rates the sequential EM algorithm proposed (see L. Xu, "RBF Nets, Mixture
Experts, and Bayesian Ying-Yang Learning", Neurocomputing, 19, 223-257, 1998) can be summarized as follows:

- E-Step: Given the current estimator value Θ(t -1) the posterior probability p(i|yt,ct,Θ(t-1)) of assigning the mapping
task for the pair (yt. Ct) to the i-th local model can be calculated according to equation (26).

- M-Step: The log-likehood becomes maximized by calculating Θ (t) with

Local Model Manipulation

[0091] One of the main problems of using NGnet is the specification of the network’s complexity, i.e. the selection of
the number of hidden units (local experts). Solving this problem is usually done by incorporating domain knowledge.
Complex mapping tasks will obviously necessitate more hidden units than simple tasks. However, it is desirable to build
general purpose network models which are able to autonomously adapt their complexity based on the problem at hand.
For an NGnet, this involves mechanisms for assigning new local experts and removing, splitting, or merging existing
local experts. Furthermore, criteria for deciding when to execute the model manipulation mechanisms have to be defined.
In the following an approach for building an NGnet with adaptive complexity is outlined. In part similar model manipulation
mechanisms have been previously suggested (cf. Schaal & Atkinson, "Constructive incremental learning from only local
information", Neural Computation, 10(8):2047-2084, 1998 or Sato & Ishii, "Online EM Algorithm for the Normalized
Gaussian Network", Neural Computation, 12 (2) :407-432, 2000).

Removing Models

[0092] Let pi denote the average of the posterior probability of assigning training samples to the i-th model, which can
be calculated as

[0093] It can be easily seen that Pi is proportional to the average number of samples for which the local model i best
describes the mapping task. Consequently, very small Pi, indicate local experts which may not be needed anymore such
that Pi < θremove with 0 < θremove<< 1/M can serve as a criteria for removing the i-th local expert.
[0094] Let Mi denote the i-th model and M = Ui Mi the set of all local experts with |M| = M. If the i-th model is removed,
the Pj is also adapted such that ΣjPj before and after the removal remains unchanged, i.e.
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Assigning Models

[0095] A new local expert should be assigned, if a training sample (yt ct) is obtained which is not sufficiently well
described by any of the existing local experts or for which the NGnet’s approximation of the mapping task yields a large
error. These criteria can be expressed as follows

where

as well as θassign1 and θassign2 being thresholds.
[0096] If any of these conditions is fulfilled, a new local model Mnew is created, added to the NGnet, and the Pj is
adapted such that ΣjPj before and after the assignment remain unchanged:

[0097] Thereby, the new model is initialized as
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with

ξ1 and ξ2 being appropriate scaling constants, and χmin denoting a constant which ensures a minimum size of the new
model’s receptive field. In the special case of assigning the first local model (i. e. M = θ) Σnew Γnew become initialized
to some predefined Σinit and Γinit, respectively, as well as Pnew = 1.

Splitting Models

[0098] If the i-th local model’s quality of approximating the mapping task becomes insufficient, the input space region
corresponding to its receptive field should be refined and covered by multiple experts. An insufficient approximation
quality reflects itself in a diffuse probability distribution p(c|y,i,Θ)=G(c,αi,Γi) over the output space. Consequently, the
size of the Gaussian (for which |Γi| is an indicator) is an appropriate criteria for splitting a model. In summary, the i-th
model becomes split if

where θsplit is an appropriately chosen threshold.

[0099] If this criteria is met, Mi becomes adjusted to , a new model Mnew is created, and finally added to the

model pool.

[0100] Thereby, the spin-off models become initialized as
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where ζn and κn denote the eigenvectors and eigenvalues of Σi sorted in descending order of the eigenvalues, i.e.
κ1≥κ2≥...≥κN.Furthermore, ξ3 is an appropriate constant.
[0101] Figure 11 illustrates how the partitioning of the input space becomes refined by splitting a local model.

Merging Models

[0102] If multiple local models are sufficiently similar, they can be merged to one local expert. Let u(Mi,Mj) be a function
measuring the similarity between two local models i and j with 0≤ u(Mi,Mj) ≤1, where a value of 1 corresponds to model
identity and 0 to total model dissimilarity. Furthermore, let V(p(a), q(a))be a function measuring the similarity between
to multivariate pdfs P(α) and q(α) with 0 ≤ V(p(α),q(α))≤ 1. Then

is defined. Consequently, measuring the similarity between local experts reduces to measuring the similarity between
pdfs (in our case multivariate Gaussians). The similarity between pdfs can be measured by the overlap between them.
Fortunately, the Bhattacharyya Coefficient (BC) provides an approximation for the overlap between two pdfs. It is defined
as

for which a closed form solution exists in case of multivariate Gaussians p(α) = G(α, mp, Σp) and q(α)=G(α, mq, Σq):

[0103] Thereby, Σ=(Σp+Σq)/2 and DB is called the Bhattacharyya distance. In summary, the similarity between two
local models m(Mi,Mj) is measured by setting V(p(α),q(α)) =BC(p(α),q(α)). If

Mi and Mj are merged to a new expert Mnew Thereby, θmerge is some predefined threshold denoting the maximum overlap
between local experts. Finally, the NGnet is adapted such that

[0104] The creation of the new model Mnew involves the merging of multivariate Gaussian pdfs (G(y,mi,Σi) and G(y,
mj,Σj) to G(y,mnew,Σnew) well as G(c, αi, Γi) and G(c,αj,Γj) to G(c,αnew,Γnew) and the determination of Pnew. The latter is
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set to Pnew=Pi+Pj, whereas for the former problem multiple approaches exist.
[0105] In general, we K Gaussian pdfs G(α,mi,Σi) i=1,....K (in our case K=2) are clustered and the cluster is represented
by a Gaussian pdf G(a,m,S) such that

is minimal. Thereby, D denotes a measure for the divergence between the pdfs and 0 ≤ ω¡ ≤ 1 weights with Σiωi = 1. In
our scenario ωr =Pr/ Σκ∈{i,j}Pk with r = i,j is set such that important local experts (those with a high mean posterior
probability P of assigning training samples to them) will dominate the merging over unimportant ones.
[0106] Existing approaches for solving such a minimization problem mainly differ in the used divergence measure D.
Here, two of them are of particular interest: Firstly, Kullback-Leibler divergence based clustering (see Davis & Dhillon,
"Differential entropic clustering of multivariate Gaussians", Advances in Neural Information Processing Systems 19,
2006) and, secondly, Jenson-Shannon divergence based clustering (see Myrvoll & Soong, "On divergence based
clustering of normal distributions and its application to HMM adaptation", Proc. of the EUROSPEECH, 2003). In the
following both approaches are shortly reviewed and compared to each other.

- clustering based on the Kullback-Leibler divergence:
The Kullback-Leibler divergence is defined as

which for Gaussian pdfs simplyfies to

Thereby, DBuro denotes the Burg matrix divergence and DMahal the Mahalanobis distance. When using this diver-
gence measure the optimization problem of equation (68) becomes minimized by

- clustering based on the Jenson-Shannon divergence:
The Jenson-Shannon divergence is a symmetrized version of the Kullback-Leibler divergence and defined as
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For Gaussian pdfs it simplyfies to

Using DJS in equation (68) the function to be optimized becomes

The parameters m* and S* of the optimal Gaussian can be obtained by setting the derivative of F with respect to
the parameters to 0.

Consequently, the mean of the Gaussian can be calculated by

Similarly, it is
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which fits the matrix Ricatti equation

with

A solution to this equation is given by

with mi and ωi being the upper and lower parts of vector υi

where υ1.....υd are theeigenvectorscorresponding to thedpositiveeigenvalues (sorted indescendingorder)ofmatrix
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Consequently, the determination of the optimal mean m and covariance matrix S involves the iterative application
of equations (83) and (77) with

being a good starting point of this iterative process.

[0107] The result of the two techniques to the task of clustering two Gaussians is exemplarily depicted in Figure12.
As can be seen, the mechanisms result in different Gaussians.
[0108] More precisely, the Gaussian obtained via Kullback-Leiber divergence based clustering is larger than the one
obtained by Jenson-Shannon divergence based clustering. It is nearly the union of the individual Gaussian’s receptive
fields. Thus, Kullback-Leibler divergence based clustering seems to be the appropriate technique when the receptive
fields of Gaussians should be joined. However, it is inappropriate for joining (normalized) probability distributions, for
which Jenson-Shannon divergence based clustering yields better results.
[0109] Since the competition between the local experts of an NGnet rules out the normalization of p(y|i,Θ) (see equation
(26)) Kullback-Leibler divergence based clustering was used according to equations (71)-(72) to construct G(y.mnew,Σnew)
of the new local expert Mnew. In constrast, Jenson-Shannon divergence based clustering according to equations (86),
(83),(77) is used for calculating G(c,αnew,Γnew)
[0110] In overall, the merging of Gaussians can be done using the greedy strategy depicted in the algorithm of Figure
12a.

Example: Benchmark Function Approximation

[0111] The overall process of using an NGnet to build a categorization function C = Ω(Y) is outlined in Algorithm 2
shown in Figure 12b. In order to test the algorithm, it was applied to the cross function, which is a widely used benchmark
for universal function approximation. The cross function is defined as

[0112] The result of approximating the cross function with an NGnet as previously described is shown in Figure 13.
As can be seen, the receptive fields of the local experts become oriented along the dimension of minimal gradient.
Furthermore, the partitioning of the input space becomes fine grained in regions where the cross function’s gradient is
high, whereas just few experts are needed in regions where the cross function does not change a lot.

Connecting Feature Extraction & Categorization

[0113] Feature extraction and categorization are tightly coupled, which necessitates the consideration of some aspects
within the overall categorization framework.

Generating Training Samples

[0114] An NGnet is a generative model for universal function approximation. In other words, in addition to the evaluation
of the network on inputs y it provides means to generate input samples y given an network output c~. Formally, such a
generative process can be done by drawing K samples Y1,...,YK from the distribution p(y|c =c~, Θ) .
[0115] In order to do so, the posterior probability that local model i produces an output c~ is first determined. This
probability can be calculated using Bayes rule as follows
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[0116] Consequently, the number of samples is determined that each local model should generate by drawing K
samples from p(i|c=c~Θ). Let κ1...κM be the result of this process. What remains is to draw κi samples from the Gaussian
distribution p(y/i,Θ)= G(y,mi,Σi) for each local model i.
[0117] Therefore, let Zi = [zi,1...., zi,κi] with zi.j ∼N (0,1). Then the samples Yi =[yi,1.....yiκi] can be calculated by

where A is obtained from the Cholesky decomposition A * AT = Σi.
[0118] Figure 14 illustrates the result of this generative process on the example of the cross function.

Training a Feature Extraction Module

[0119] As previously noted, the generative mode of NGnet is able to produce training sample (y, c) where y is a feature
pattern and c its corresponding category label. However, in order to train the MRMI feature extraction training samples
(x,c) with x being an input pattern are needed. Consequently first it is needed to transform a feature pattern y into an
input pattern x. For a feature extraction in form of a linear transformation this can be easily done according to

[0120] Given the training samples (x,c) the feature extraction can be learned in a supervised fashion as described
above.

Adaptation to Continuously Changing Feature Space

[0121] The feature space (on which categorization is based on) continuously changes. Therefore, the NGnet has to
continuously adapt its local experts. More precisely, the local models have to adapt their input probability distributions
p(y|i,Θ) = G(y, mi,.Σi) . If affine transformations of form

is considered then the new Gaussian pdfs under this transformation are as follows

[0122] Thereby, it is
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where Ψ̂(t),R(t) as well as denote the feature extraction matrices before and after the application of MRMI

learning at time t.

Improving Generalization

[0123] The generalization capabilities of the overall system can be improved in several ways. One has been already
mentioned above: the pruning of feature dimensions based on their relevance for the categorization task. Moreover, it
is possible to incorporate the relevance of feature dimensions into the process of merging local experts. The underlying
idea is as follows: Local experts which are separated along important feature dimensions should stay separated since
this difference covers important aspects of the categorization task at hand. In contrary, the merging should be preferably
done along unimportant feature dimensions. This can be achieved by incorporating the relevance of feature dimensions
into the calculation of the similarity between local models. Therefore, let λ1, λ2,....λk be the eigenvalues of the principle
feature dimensions (see above). A transformation matrix W is constructed as follows

where λmax is the maximum eigenvalue, and calculate the similarity between the local models Mi and Mj according to

[0124] As can be seen, the Gaussians representing the input probability distributions of the local experts become
scaled, such that they cover larger portions of the input space along unimportant feature dimensions, whereas the
coverage along the most important dimension remains unchanged. By doing so, the overlap between the local experts
is artificially increased which results in an enhanced merging of them along unimportant feature dimensions and, thereby,
yields an improved generalization.
[0125] Figure 15 illustrates this process. Therefore, consider a classification task on the input space x=[x1,x2] with
x1-x2 = 0 being the separation border between two classes. Then, NGnet may result in local experts which partition the
input space as shown in (a). Based on these prototypical experts, MRMI feature extraction is able to extract the principle
feature dimensions in conjunction with their relevance (see (a)). In the following, (b) shows the adaptation of NGnet to
the changed feature space. Finally, the similarity between the experts is calculated based on the scaled experts shown
in (c). Based on this similarity, the experts depicted in (b) become merged. The result of this merging is shown in (d).

Algorithm

[0126] The sketch of the overall algorithm for the online category learning with adaptive feature space is given in
Algorithm 3 shown in Figure 15a.
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Experimental Results

[0127] The framework was tested in the domain of word meaning acquisition. Therefore, the experimental setup
illustrated in Figure 16 is chosen, where a learner and a tutor observe a scene composed of randomly generated
geometric objects. In the experiments, the tutor randomly selects two out of the objects and tells the learner whether
the first object is "left to" the second object or not. Consequently, the system has to form a category corresponding to
the meaning of "left to".
[0128] The setup of the framework corresponds to the configuration shown in Figure 1 and Figure 2. It is composed
of one feature extraction module and one binary categorization module. Each object in the scene is described by its
absolute (horizontal and vertical) position, its width and height, and its color in RGB. Consequently, the system observes
14-dimensional input vectors (7 dimensions per object) as well as the corresponding category label. The FEM and the
CM were trained sequentially after each occurrence of a new training sample.
[0129] The results of this experiment are depicted in Figure 17, where the number of hidden units of the NGnet (upper
panel) as well as the mean squared error (lower panel) which has been calculated on a randomly generated test set is
plotted. As can be seen, first the number of hidden units steadily increases, then saturates, and finally decreases to a
minimum which is maintained afterwards. The initial increase in the number of hidden units corresponds to the memo-
rization of observations. Since there is no prior knowledge, initially every observation is new for the system and conse-
quently has to be memorized. But after a while all new observation can be explained using already acquired knowledge.
Consequently, these new observation do not have to be memorized which results in the saturation of the number of
hidden units.
[0130] At the same time the FEM continuously tries to extract category-discriminative features. After a while the FEM
is able to extract the informative feature dimension, which is the difference between the absolute horizontal positions
of the two objects. Due to this fact, other dimensions become unimportant which results in a pruning of memorized
observations or, in other words, a reduction in the number of hidden units. Consequently, a gradual shift from prototype-
based categorization (where new inputs are categorized according to their similarity with memorized prototypes) to rule-
based categorization (where a single feature dimension serves as a rule for categorization) is observed.
[0131] Furthermore, the bottom panel of Figure 17 shows that the mean squared error quickly decreases and after-
wards maintains its low level which corresponds to categorization errors of approx. 2-5%. Figure 17 further shows that
even though generalization may take some time, the categorization error is low just after a few examples. This is due
to the fact that the memorized prototypes are used within a prototype-based categorization scheme. This prototype-
based categorization already yields a suitable categorization performance. The continuous and open-ended generali-
zation (in terms of extracting relevant feature dimensions and adapting the categorizer to the changed feature space)
does not significantly reduce the categorization error, but it does so for the number of hidden units. Therefore, the benefit
of generalization (in this experiment) is not an improved performance but a less complex representation necessary for
achieving such a performance.
[0132] It should be understood that the foregoing relates only to embodiments of the invention and that numerous
changes and modifications made therein may be made without departing from the scope of the invention as set forth in
the following claims.
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Claims

1. A method for categorizing sensorial input patterns, comprising:

- receiving from an accepting of means at least one input pattern including sensorial information representing
observations,
- generating at least one feature pattern by transforming the input pattern by application of at least one feature
extraction module which learns from the performed generating process,
- categorizing the feature pattern into a category by application of at least one learnable categorization module
which learns from the performed categorization process,

- wherein the learning of the feature extraction module uses input from at least one categorization module
based on which the feature extraction module extracts a feature pattern discriminating the categories
obtained by the categorization module, and
- wherein the generating and categorization process are performed on a processing means,

- storing a category derived from the categorization process with features of the input pattern, and
- returning category information for the input pattern by an output means.

2. The method according to claim 1, wherein the learning of the feature extraction module includes training.

3. The method according to claim 1 or 2, wherein the training of the feature extraction module uses training samples
generated by the at least one categorization module.

4. The method according to any one of the claims 1-3, wherein the training of the feature extraction module uses
training samples selected based on information derived from the at least one categorization module.

5. The method according to any one of the preceding claims, wherein the feature extraction module and the catego-
rization module learn incrementally.

6. The method according to any one of the preceding claims, wherein the at least one categorization module is instructed
to adapt to a feature space provided by the at least one feature extraction module.

7. The method according to claim 6, wherein the adaptation of the feature space is based on analytical determinations.

8. The method according to claim 6 or 7, wherein the feature space is adapted by retraining the categorization modules.
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9. The method according to any one of the preceding claims, wherein the learning of a feature extraction module either
relies on at least one of a maximization of mutual information, a discriminant analysis, a principle component analysis,
and an independent component analysis.

10. The method according to any one of the preceding claims, wherein the categorization module is implemented by
an artificial neural network.

11. The method according to claim 10, wherein the artificial neural network is a normalized Gaussian network.

12. The method according to claim 10 or 11, wherein the normalized Gaussian network is an adaptive normalized
Gaussian network.

13. The method according to any one of the preceding claims, wherein the accepting means for accepting an input
pattern is at least one of a sensor, a hardware interface and a software interface.

14. The method according to any one of the preceding claims, wherein the processing means is a processor and/or a
signal processing unit formed of hardware and/or software.

15. The method according to any one of the preceding claims, wherein the processing means is adapted for parallel
processing.

16. The method according to any one of the preceding claims, wherein the output means is at least one of a hardware
interface, a software interface and an actor.

17. A computer software program product, performing a method according to any of the preceding claims when run on
a computing unit.

18. A computer system for categorizing sensorial input patterns, comprising:

- an accepting means for receiving at least one input pattern including sensorial information representing ob-
servations,
- a processing means employed to generate at least one feature pattern by transforming the input pattern by
application of at least one feature extraction module which learns from the performed generating process,
- the processing means employed to categorize the feature pattern into a category by application of at least
one categorization module which learns from the performed categorization process,

- wherein the learning of the feature extraction module uses input from at least one categorization module
such that the feature extraction module extracts a feature pattern discriminating the categories obtained
by the categorization module, and

- a storage storing a category derived from the categorization process with features of the input pattern, and
- an output means for returning category information for the input pattern.

19. The system according to claim 18, wherein the learning of the feature extraction module includes training.

20. The system according to claim 18 or 19, wherein the training of the feature extraction module uses training samples
generated by the at least one categorization module.

21. The system according to any one of the claims 18 to 20, wherein the training of the feature extraction module uses
training samples selected based on information derived from the at least one categorization module.

22. The system according to any one of the claims 18 to 21, wherein the feature extraction module and the categorization
module learn incrementally.

23. The system according to any one of the claims 18 to 22, wherein the at least one categorization module is instructed
to adapt to a feature space provided by the at least one feature extraction module.

24. The system according to claim 23, wherein the adaptation of the feature space is based on analytical determinations.
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25. The system according to claim 23 or 24, wherein the feature space is adapted by retraining the categorization
modules.

26. The system according to any one of the claims 18 to 25, wherein the learning of a feature extraction module either
relies on at least one of a maximization of mutual information, a discriminant analysis, a principle component analysis,
and an independent component analysis.

27. The system according to any one of the claims 18 to 26, wherein the categorization module is implemented by an
artificial neural network.

28. The system according to claim 27, wherein the artificial neural network is a normalized Gaussian network.

29. The system according to claim 27 or 28, wherein the normalized Gaussian network is an adaptive normalized
Gaussian network.

30. The system according to any one of the claims 18 to 29, wherein the accepting means for accepting an input pattern
is at least one of a sensor, a hardware interface and a software interface.

31. The system according to any one of the claims 18 to 30, wherein the processing means is a processor and/or a
signal processing unit formed of hardware and/or software.

32. The system according to any one of the claims 18 to 31, wherein the processing means is adapted for parallel
processing.

33. The system according to any one of the claims 18 to 32, wherein the output means is at least one of a hardware
interface, a software interface and an actor.

34. A robot, being provided with acoustical and/or visual sensor means a system according to any of claims 18 to 33.

35. An air, sea or land vehicle, being provided with acoustical and/or visual sensor means a system according to any
of claims 18 to 33.

Amended claims in accordance with Rule 137(2) EPC.

1. A method for categorizing sensorial input patterns, comprising:

- receiving from an accepting of means at least one input pattern including sensorial information representing
observations,
- extracting at least one feature pattern by transforming the input pattern by application of at least one feature
extraction module which learns from the performed extraction process,
- categorizing the feature pattern into a category by application of at least one learnable categorization module
which learns from the performed categorization process and detects relevant feature dimensions,

- wherein the learning of the feature extraction module uses input from at least one categorization module
based on which the feature extraction module extracts a feature pattern discriminating the categories
obtained by the categorization module, and
- wherein the extraction and categorization processes are performed on a processing means,

- storing a category derived from the categorization process with features of the input pattern, and
- returning category information for the input pattern by an output means.

2. The method according to claim 1, wherein the learning of the feature extraction module includes training.

3. The method according to claim 1 or 2, wherein the training of the feature extraction module uses training samples
generated by the at least one categorization module.

4. The method according to any one of the claims 1-3, wherein the training of the feature extraction module uses
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training samples selected based on information derived from the at least one categorization module.

5. The method according to any one of the preceding claims, wherein the feature extraction module and the cate-
gorization module learn incrementally.

6. The method according to any one of the preceding claims, wherein the learning of a feature extraction module
relies on at least one of a maximization of mutual information, a discriminant analysis, a principle component analysis,
and an independent component analysis.

7. The method according to any one of the preceding claims, wherein the categorization module is implemented by
an artificial neural network.

8. The method according to claim 7, wherein the artificial neural network is a normalized Gaussian network.

9. The method according to claim 7 or 8, wherein the normalized Gaussian network is an adaptive normalized
Gaussian network.

10. The method according to any one of the preceding claims, wherein the accepting means for accepting an input
pattern is at least one of a sensor, a hardware interface and a software interface.

11. The method according to any one of the preceding claims, wherein the processing means is a processor and/or
a signal processing unit formed of hardware and/or software.

12. The method according to any one of the preceding claims, wherein the processing means is adapted for parallel
processing.

13. The method according to any one of the preceding claims, wherein the output means is at least one of a hardware
interface, a software interface and an actor.

14. A computer software program product, performing a method according to any of the preceding claims when run
on a computing unit.

15. A computer system for categorizing sensorial input patterns, comprising:

- an accepting means for receiving at least one input pattern including sensorial information representing ob-
servations,
- a processing means employed to extract at least one feature pattern by transforming the input pattern by
application of at least one feature extraction module which learns from the performed extraction process,
- the processing means employed to categorize the feature pattern into a category by application of at least
one categorization module which learns from the performed categorization process and detects relevant feature
dimensions,

- wherein the learning of the feature extraction module uses input from at least one categorization module
such that the feature extraction module extracts a feature pattern discriminating the categories obtained
by the categorization module, and

- a storage storing a category derived from the categorization process with features of the input pattern, and
- an output means for returning category information for the input pattern.

16. The system according to claim 15, wherein the learning of the feature extraction module includes training.

17. The system according to claim 15 or 16, wherein the training of the feature extraction module uses training
samples generated by the at least one categorization module.

18. The system according to any one of the claims 15 to 17, wherein the training of the feature extraction module
uses training samples selected based on information derived from the at least one categorization module.

19. The system according to any one of the claims 15 to 18, wherein the feature extraction module and the cate-
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gorization module learn incrementally.

20. The system according to any one of the claims 15 to 19, wherein the learning of a feature extraction module
either relies on at least one of a maximization of mutual information, a discriminant analysis, a principle component
analysis, and an independent component analysis.

21. The system according to any one of the claims 15 to 20, wherein the categorization module is implemented by
an artificial neural network.

22. The system according to claim 21, wherein the artificial neural network is a normalized Gaussian network.

23. The system according to claim 21 or 22, wherein the normalized Gaussian network is an adaptive normalized
Gaussian network.

24. The system according to any one of the claims 15 to 23, wherein the accepting means for accepting an input
pattern is at least one of a sensor, a hardware interface and a software interface.

25. The system according to any one of the claims 15 to 24, wherein the processing means is a processor and/or
a signal processing unit formed of hardware and/or software.

26. The system according to any one of the claims 15 to 25, wherein the processing means is adapted for parallel
processing.

27. The system according to any one of the claims 15 to 26, wherein the output means is at least one of a hardware
interface, a software interface and an actor.

28. A robot, being provided with acoustical and/or visual sensor means a system according to any of claims 15 to 27.

29. The air, sea or land vehicle, being provided with acoustical and/or visual sensor means a system according to
any of claims 15 to 27.
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