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Abstract—This paper recalls the practical calculation of Learning Entropy (LE) for novelty detection, extends it for various gradient techniques and discusses its use for
multivariate dynamical systems with ability of distinguishing between data perturbations or system-function perturbations. LE was introduced in 2013 [6] for novelty detection in
time series via supervised incremental learning of polynomial filters, i.e. higher-order neural units (HONU). This paper demonstrates LE also on enhanced gradient descent
adaptation techniques that are adopted and summarized for HONU. As an aside, LE is proposed as a new performance index of adaptive filters. Then, we discuss Principal
Component Analysis and Kernel PCA for HONU as a potential method to suppress detection of data-measurement perturbations and to enforce LE for system-perturbation

novelties.
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Abbreviations

AISLE ... Approximated Individual Sample Learning Entropy

GD ... Gradient Descent

HONU... Higher-Order Neural Unit
ISLE ... Individual Sample Learning Entropy

KPCA...
LE ...
LEM..
LNU, LF...

Learning Entropy

. Learning Entropy of a Model

Kernel Principal Component Analysis NLMS... Normalized Least Mean Squares, (Normalized GD)

OLE ... Order of Learning Entropy
QNU... Quadratic Neural Unit

Linear Neural Unit, Linear (adaptive) Filter SampEn .... Sample Entropy

LEARNING ENTROPY (Sample Entropy vs. Entropy Learning vs. Learning Entropy)

Sample Entropy (not used here): A well recognized signal complexity evaluation algorithm (probability based quantification of signal complexity, Shannon-based approach).

Entropy Learning (not used here): A well recognized Shannon inspired neural network learning algorithm based on minimizing complexity (entropy) of neural weights in a network.

Learning Entropy (Entropy OF Learning, 2013, used here): A new [6] non-Shannon based novelty detection algorithm based on observation of unusual learning effort of incrementally learning systems. A
relative measure of novelty (information) recognized by pre-trained learning system. Novelty detection on every individual sample of data in complex behavior using a simple adaptive filters (predictors).
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Learning Entropy potentials for SSPD

LE was recently introduced as a cognitive signal processing algorithm that opens new potentials to novelty detection and to further research in various areas. LE displays strong | Acknowledgement

potentials to instantly detect perturbation or instant changes of dynamical behavior with every new individual measured sample of data, where other floating window-based signal | /vo would like to thank prof. Madan M.
processing methods (e.g. SampEn) might need windows of data and longer time intervals => LE can be used as a complementary method of instant detection and time allocation of | Gupta from University of
novelties including very small changes in dynamics and complex correlations of signals with the use of simple and real-time computationally effective adaptive filters (LNU, QNU). Further | Saskatchewan for introducing him into
in our paper in the proceedings, the approach for detection of system perturbations vs. data perturbations is founded with the use of LE and KPCA. We believe this is an interesting topic | research of higher order neural units
for research, e.g., of real-time evaluation of data and for efficient monitoring of correct functionality of sensors. Also, LE can be used to instantly estimate actual accuracy of adaptive | Since 2003, and to prof. Witold Kinsner
predictors, e.g., for synchronization purposes — we have been investigating LE for increasing the accuracy of beam targeting of radiation tracking therapy for biomedical purposes | fom University of Manitoba for
(Bukovsky et al, IEEE IJCNN, 2014), we believe there are some potentials for SSPD purposes as well. For the cognitive and nonlinear capabilities of adaptive filters and neural networks, ; O
LE might be also investigated for information processing on complex signals under the noise level. Perhaps, this might be also interesting topic for research of LE for SSPD purposes. for signal processing since 2010.
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