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Preface

Deep learning is a new trend in artificial intelligence pushing the performances of
machine learning algorithms to their real-life applicability for solving a variety of
problems the humanity faces nowadays.

Computer vision and multimedia indexing research have realized a general move
from all previous approaches to those on the basis of deep learning.

This approach is built on the principles of supervised machine learning and in
particular, artificial neural networks. Applied to visual information mining, it also
incorporates our fundamental knowledge in image processing and analysis. Today,
we translate all our know-how in visual information mining into this language.

The proliferation of software frameworks allows for easy design and imple-
mentation of deep architectures, for the choice and adequate parameterization of
different optimization algorithms for training parameters of deep neural networks.
The availability of graphical processing units (GPU) and of distributed computing
made the computational times for learning quite reasonable. For young researchers
and those who move to this kind of methods it is important, we think, to get very
quickly into comprehension of underlying mathematical models and formalism, but
also to make a bridge between the methods previously used for understanding of
images and videos and these winning tools.

It is difficult today to write a book about deep learning, so numerous are
different tutorials easily accessible on the Internet. What is the particularity of our
book compared to them? We tried to keep a sufficient balance between the usage
of mathematical formalism, graphical illustrations, and real-world examples. The
book should be easy to understand for young researchers and professionals with
engineering and computer science background. Deep learning without pain, this is
our goal.
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