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    1. Introduction


    A journey of a thousand miles begins with a single step.


    —LAO TZU


    In this introductory chapter, we explain the context of this work, which is deep learning research. After that, we establish the problem of interest. Then we set the goals of this study and the contributions we achieved. Finally, we present an outline of the subject of the next chapters.


    1.1 CONTEXT


    The artificial neural networks research passed through three historical waves (Fig.1.1) (GOODFELLOW; BENGIO; COURVILLE,2016). The first one, known as cybernetics, started at the 1960s with the work of Rosenblatt and the definition of the Perceptron, which was showed to be useful in linear separable problems (ROSENBLATT,1958). This initial excitement diminished in the 1970s by the work of Minsk and Papert (MINSKY; PAPERT,1969), which demonstrated some limitations of this concept.


    The second wave of artificial neural networks research, known as connectionism, began in the 1980s after the dissemination of the discovery of the so-called backpropagation algorithm (RUMELHART; HINTON; WILLIAMS,1986), which allowed training neural networks with few hidden layers. Nevertheless, the Vanish Gradient Problem supported the idea that training neural networks with more than few layers was a hard challenge (HOCHREITER,1991).


    Therefore, this second wave was replaced by a huge interest in new statistical machine learning methods discovered or improved in the 1990s. Artificial neural networks research passed through another dismal period and fell out of favor again. Indeed, it was a time when the machine learning researchers largely forsook neural networks and backpropagation was ignored by the computer vision
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