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the network using large datasets. By contrast, hyperpa-
rameters are the parameters of a model (in these cases,
the parameters of a neural network architecture) and/or
training algorithm that cannot be directly estimated from

the data but instead must be specified by the person cre-
ating the model, either through the use of heuristic rules,
intuition, or trial and error. Often, much of the effort that

goes into the creation of a deep learning network involves

experimental work to answer the questions in relation to

hyperparameters, and this process is known as hyperpa-
rameter tuning. The next chapter will review the history
and evolution of deep learning, and the challenges posed

by many of these questions are themes running through

the review. Subsequent chapters in the book will explore

how answering these questions in different ways can cre-
ate networks with very different characteristics, each

suited to different types of tasks. For example, recurrent
neural networks are best suited to processing sequential/
time-series data, whereas convolutional neural networks

were originally developed to process images. Both of these

network types are, however, built using the same funda-
mental processing unit, the artificial neuron; the differ-
ences in the behavior and abilities of these networks stems

from how these neurons are arranged and composed.

100 CHAPTER 3

A BRIEF HISTORY OF
DEEP LEARNING

The history of deep learning can be described as three
major periods of excitement and innovation, interspersed
with periods of disillusionment. Figure 4.1 shows a time-
line of this history, which highlights these periods of ma-
jor research: on threshold logic units (early 1940s to the
mid 1960s), connectionism (early 1980s to mid-1990s),
and deep learning (mid 2000s to the present). Figure 4.1
distinguishes some of the primary characteristics of the
networks developed in each of these three periods. The
changes in these network characteristics highlight some
of the major themes within the evolution of deep learning,
including: the shift from binary to continuous values; the
move from threshold activation functions, to logistic and
tanh activation, and then onto ReLU activation; and the
progressive deepening of the networks, from single layer,
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this time that the term deep learning came to prominence
to describe deep neural networks. The term deep learn-
ing is used to emphasize the fact that the networks being
trained are much deeper than previous networks.

One of the early successes of this new era of neural
network research was when Geoffrey Hinton and his col-
leagues demonstrated that it was possible to train a deep
neural network using a process known as greedy layer-
wise pretraining. Greedy layer-wise pretraining begins by
training a single layer of neurons that receives input di-
rectly from the raw input. There are a number of different
ways that this single layer of neurons can be trained, but
one popular way is to use an autoencoder. An autoencoder
is a neural network with three layers: an input layer, a hid-
den (encoding) layer, and an output (decoding) layer. The
network is trained to reconstruct the inputs it receives in
the output layer; in other words, the network is trained
to output the exact same values that it received as input.
A very important feature in these networks is that they
are designed so that it is not possible for the network to
simply copy the inputs to the outputs. For example, an
autoencoder may have fewer neurons in the hidden layer
than in the input and output layer. Because the autoen-
coder is trying to reconstruct the input at the output layer,
the fact that the information from the input must pass
through this bottleneck in the hidden layer forces the au-
toencoder to learn an encoding of the input data in the

144 CHAPTER 4

hidden layer that captures only the most important fea-
tures in the input, and disregards redundant or superflu-

ous information.’

Layer-Wise Pretraining Using Autoencoders

In layer-wise pretraining, the initial autoencoder learns an
encoding for the raw inputs to the network. Once this en-
coding has been learned, the units in the hidden encoding
layer are fixed, and the output (decoding) layer is thrown
away. Then a second autoencoder is trained—but this
autoencoder is trained to reconstruct the representation
of the data generated by passing it through the encoding
layer of the initial autoencoder. In effect, this second au-
toencoder is stacked on top of the encoding layer of the
first autoencoder. This stacking of encoding layers is con-
sidered to be a greedy process because each encoding layer
is optimized independently of the later layers; in other
words, each autoencoder focuses on finding the best solu-
tion for its immediate task (learning a useful encoding for
the data it must reconstruct) rather than trying to find a
solution to the overall problem for the network.

Once a sufficient number® of encoding layers have
been trained, a tuning phase can be applied. In the tuning
phase, a final network layer is trained to predict the tar-
get output for the network. Unlike the pretraining of the
earlier layers of the network, the target output for the fi-
nal layer is different from the input vector and is specified
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in the training dataset. The simplest tuning is where the
pretrained layers are kept frozen (i.e., the weights in the
pretrained layers don’t change during the tuning); how-
ever, it is also feasible to train the entire network during
the tuning phase. If the entire network is trained during
tuning, then the layer-wise pretraining is best understood
as finding useful initial weights for the earlier layers in the
network. Also, it is not necessary that the final prediction
model that is trained during tuning be a neural network.
It is quite possible to take the representations of the data
generated by the layer-wise pretraining and use it as the
input representation for a completely different type of
machine learning algorithm, for example, a support vector
machine or a nearest neighbor algorithm. This scenario is
a very transparent example of how neural networks learn
useful representations of data prior to the final prediction
task being learned. Strictly speaking, the term pretraining
describes only the layer-wise training of the autoencoders;
however, the term is often used to refer to both the layer-
wise training stage and the tuning stage of the model.
Figure 4.5 shows the stages in layer-wise pretraining.
The figure on the left illustrates the training of the initial
autoencoder where an encoding layer (the black circles) of
three units is attempting to learn a useful representation
for the task of reconstructing an input vector of length 4.
The figure in the middle of figure 4.5 shows the training of
2 second autoencoder stacked on top of the encoding layer

146 CHAPTER 4
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Figure4.5 The pretraining and tuning stages in greedy layer-wise .
pretraining,. Black circles represent the neurons whose training is the primary :
objective at each training stage. The gray background marks the components
in the network that are frozen during each training stage.

of the first autoencoder. In this autoencodet, a hidden
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input vector of length 3 (which in turn is an encoding of a
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without using layer-wise pretraining. In the mid-2000s,
researchers began to appreciate that the vanishing gra-
dient problem was not a strict theoretical limit, but was
instead a practical obstacle that could be overcome. The
vanishing gradient problem does not cause the error gra-
dients to disappear entirely; there are still gradients being
backpropagated through the early layers of the network, it
is just that they are very small. Today, there are a number
of factors that have been identified as important in suc-
cessfully training a deep network.

Weight Initialization and ReLU Activation Functions

One factor that is important in successfully training a
deep network is how the network weights are initialized.
The principles controlling how weight initialization af-
fects the training of a network are still not clear. There
are, however, weight initialization procedures that have
been empirically shown to help with training a deep net-
work. Glorot initialization is a frequently used weight
initialization procedure for deep networks. It is based on
a number of assumptions but has empirical success to sup-
port its use. To get an intuitive understanding of Glorot
initialization, consider the fact that there is typically a re-
lationship between the magnitude of values in a set and
the variance of the set: generally the larger the values in
a set, the larger the variance of the set. So, if the variance
calculated on a set of gradients propagated through a layer

148 CHAPTER 4

In the mid-2000s,
researchers began to
appreciate that the
vanishing gradient

problem was not a strict
theoretical limit, but
was instead a practical
obstacle that could be

overcome.

| mEEETE ST

MIM Software Inc. v. EXINI Diagnostics AB
IPR2025-00827
EXINI EX2033






