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A Gaussian Process-based Incremental Neural Network

Chapter 1: Introduction

Chapter 1 introduces the research background, previous related studies and their
shortcomings. First, we present the disadvantages of some classical algorithms that
explore the partition space (e.g., K-means, Gaussian mixture models): 1) the information
of the underlying local distribution cannot be effectively conserved and 2) the component
parameters are extremely sensitive to noise. Thus, we consider from the perspective of
topology-preservation. However, the conventional self-organizing map has a fixed
structure and cannot perform well in lifelong learning. And furthermore, we present the
drawbacks of the recently proposed self-organizing incremental neural network
algorithms. Finally, we explain the main contributions of this thesis, i.e., propose novel
increment neural network algorithms for three online machine learning tasks (online
density estimation, online clustering and online regression) and carefully discuss their

properties and advantages.

Chapter 2: A Gaussian Process-based Incremental Neural Network for Online Density
Estimation

Chapter 2 introduces a Gaussian process-based incremental neural network algorithm for
online density estimation. First, when locating the two winning nodes for an input
sample, instead of employing Euclidean distance and Mahalanobis distance, we present a
novel similarity based on Gaussian Processes. Second, we derive the optimal bandwidth
matrix using cross validation and EM algorithm. Third, the threshold region of one node
is obtained by setting a threshold to the probability of linking to this node given by
Gaussian process classification. When a new sample arrives, we check whether this
sample falls into the intersection of the threshold regions of its winning nodes, if so, an
edge is generated between its winning nodes; otherwise, this sample is maintained as a
node. Fourth, the asymptotic mean squared error is analyzed for the first time that proves

the convergence of self-organizing incremental neural network to the underlying




probability density function.

Chapter 3: A Gaussian Process-based Incremental Neural Network for Online Clustering

As an extension of Chapter 2, Chapter 3 introduces an online clustering algorithm. First,
we present the quantitative relationship between the edge weight and the underlying
probability density, it shows that the weight of an inappropriate edge with a segment in
low density area is much larger than that of a normal edge and proves the rationality of
detecting clusters by constructing the minimum spanning tree of the proposed Gaussian
process-based incremental neural network. Second, we discuss some properties of the
threshold regions that demonstrate some advantages of our method over previous

algorithms.

Chapter 4: A Gaussian Process-based Incremental Neural Network for Online Regression

Chapter 4 proposes a Gaussian process-based incremental neural network algorithm for
online regression. First, different from the unsupervised learning algorithms in Chapter
2 and Chapter 3, we derive the optimal bandwidth matrix for each node by minimizing
the leave-one-out cross validation error in estimating the conditional expectation of
dependent variable. Second, as the input of samples, we update not only the network
parameters (e.g., edges and weight vectors), but also the approximate posterior over the
regression function values at nodes to guarantee that the approximate posterior is close
to the exact posterior given the previous input samples. Third, the threshold region of a
node is obtained and related to the regression function values at this node and its
neighbors. Specifically, we set a threshold for the variance given by the local Gaussian
process around this node. Fourth, we discuss some of the properties of the optimal
posterior and prove that our approach can be regarded as a novel class of statistical
ensembles of networks that not only includes combinatorial effects, but also considers the

similarity between the weight vectors of nodes.

For each machine learning task, various experiments are conducted to demonstrate the
performance of our algorithms and shown in the corresponding sections of Chapter 2,

Chapter 3, and Chapter 4, respectively.

Chapter 5: Conclusion

Finally, we conclude in Chapter 5 and some problems we are working on are stated (e.g.,

online classification).
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