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Preface

High-dimensional and sparse (HiDS) matrices are commonly seen in many big data-
related industrial applications like electronic commerce, cloud services, social net-
works, and wireless sensor networks. Despite its extreme sparse, an HiDS matrix
contains rich knowledge regarding desired patterns like users’ potential favorites,
item clusters, and topological neighbors. Hence, how to efficiently and accurately
extract desired knowledge from it for various data analysis tasks becomes a highly
interesting issue.

Latent factor analysis (LFA) has proven to be highly efficient for addressing an
HiDS matrix owing to its high scalability and efficiency. However, an LFA model’s
performance relies heavily on its hyper-parameters, which should be chosen with
care. The common strategy is to employ grid-search to tune these hyper-parameters.
However, it requires expensive computational cost to search the whole candidate
space, especially when building an LFA model on an HiDS matrix. Hence, how to
implement a hyper-parameter-free LFA model becomes a significant issue.

In this book, we incorporate the principle of particle swarm optimization (PSO)
into latent factor analysis, thereby achieving four effective hyper-parameter-free
latent factor analysis models. The first model is a Learning rate-free LFA (L2FA)
model, which utilizes a standard PSO algorithm into the learning process by building
a swarm of learning rates applied to the same group. The second model is a Learning
rate and Regularization coefficient-free LFA (LRLFA) model, which build a swarm
by taking the learning rate and regularization coefficient of every single LFA-based
model as particles, and then apply particle swarm optimization to make them
adaptation according to a predefined fitness function. The third model is a General-
ized and Adaptive LFA (GALFA) model, which implement self-adaptation of the
regularization coefficient and momentum coefficient for excellent practicability via
PSO. The last model is an Advanced Learning rate-free LFA (AL2FA) model. Before
building this model, we first propose a novel position-transitional particle swarm
optimization (P2SO) algorithm by incorporate more dynamic information into the
particle’s evolution for preventing premature convergence. And then, a P2SO algo-
rithm is utilized into the training process to make the learning rate adaptation without
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accuracy loss. Since hyper-parameter adaptation is done within only one full training
process, thereby greatly reducing computational cost. Hence, it fits the need of real
applications with high scalability and efficiency.

vi Preface

This is the first book about how to incorporate particle swarm optimization into
latent factor analysis for implementing effective hyper-parameter adaptation. It is
intended for professionals and graduate students involved in LFA on HiDS data. It is
assumed that the reader has a basic knowledge of mathematics, as well as a certain
background in data mining. The reader can get an overview on how to implement
efficient hyper-parameter adaptation in an LFAmodel. We hope this monograph will
be a useful reference for students, researchers, and professionals to understand the
basic methodologies of hyper-parameter adaptation via PSO. The readers can imme-
diately conduct extensive researches and experiments on the real applications HiDS
data involved in this book.

Chongqing, China Ye Yuan
Xin LuoJune 2022
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