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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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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.
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at one point in the network is similar to the variance for
the set of gradients propagated through another layer in
a network, it is likely that the magnitude of the gradients
propagated through both of these layers will also be simi-
lar. Furthermore, the variance of gradients in a layer can
be related to the variance of the weights in the layer, so a
potential strategy to maintain gradients flowing through
a network is to ensure similar variances across each of the
layer in a network. Glorot initialization is designed to ini-
tialize the weight in a network in such a way that all of the
layers in a network will have a similar variance in terms
of both forward pass activations and the gradients propa-
gated during the backward pass in backpropagation. Glo-
rot initialization defines a heuristic rule to meet this goal
that involves sampling the weights for anetwork using the
following uniform distribution (where w is the weightona
connection between layer j and j+i that is being initialized,
Ul-a,a] is the uniform distribution over the interval (-a,a),
n, is the number of neurons in layer j, and the notation w
~ U indicates that the value of w is sampled from distribu-
tion U):

"~ U[ J6 J6 ]
\/n_1+nj+1 ,\/nj + D

Another factor that contributes to the success or
failure of training a deep network is the selection of the

150 CHAPTER 4

activation function used in the neurons. Backpropagating
an error gradient through a neuron involves multiplying
the gradient by the value of the derivative of the activation
function at the activation value of the neuron recorded
during the forward pass. The derivatives of the logistic
and tanh activation functions have a number of properties
that can exacerbate the vanishing gradient problem if they
are used in this multiplication step. Figure 4.6 presents a
plot of the logistic function and the derivative of the logis-
tic function. The maximum value of the derivative is 0.25.
Consequently, after an error gradient has been multiplied
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Figure 4.6 Plots of the logistic function and the derivative of the logistic
function.
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by the value of the derivative of the logistic function at
the appropriate activation for the neuron, the maximum
value the gradient will have is a quarter of the gradient
prior to the multiplication. Another problem with using
the logistic function is that there are large portions of the
domain of the function where the function is saturated
(returning values that very close to 0 or 1), and the rate
of change of the function in these regions is near zero;
thus, the derivative of the function is near 0. This is an
undesirable property when backpropagating error gradi-
ents because the error gradients will be forced to zero (or
close to zero) when backpropagated through any neuron
whose activation is within one of these saturated regions.
In 2011 it was shown that switching to a rectified linear
activation function, g(x) = max(0,x), improved training
for deep feedforward neural networks (Glorot et al. 2011).
Neurons that use a rectified linear activation function are
known as rectified linear units (ReLUs). One advantage
of ReLUs is that the activation function is linear for the
positive portion of its domain with a derivative equal to 1.
This means that gradients can flow easily through ReLUs
that have positive activation. However, the drawback of
ReLUs is that the gradient of the function for the nega-
tive part of its domain is zero, so ReLUs do not train in
this portion of the domain. Although undesirable, this
is not necessarily a fatal flaw for learning because when
backpropagating through a layer of ReLUs the gradients
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can still flow through the ReLUs in the layers that have
positive activation. Furthermore, there are a number of
variants of the basic ReLU that introduce a gradient on
the negative side of the domain, a commonly used variant
being the leaky ReLU (Maas et al. 2013). Today, ReLUs (or
variants of ReLUs) are the most frequently used neurons

in deep learning research.

The Virtuous Cycle: Better Algorithms, Faster Hardware,
Bigger Data

Although improved weight initialization methods and
new activation functions have both contributed to the
growth of deep learning, in recent years the two most
important factors driving deep learning have been the
speedup in computer power and the massive increase in
dataset sizes. From a computational perspective, a major
breakthrough for deep learning occurred in the late 2000s
with the adoption of graphical processing units (GPUs)
by the deep learning community to speed up training. A
neural network can be understood as a sequence of matrix
multiplications that are interspersed with the application
of nonlinear activation functions, and GPUs are optimized
for very fast matrix multiplication. Consequently, GPUs
are ideal hardware to speed up neural network train-
ing, and their use has made a significant contribution to
the development of the field. In 2004, Oh and Jung re-
ported a twentyfold performance increase using a GPU

A BRIEF HISTORY OF DEEP LEARNING 153

T Ty '

MIM Software Inc. v. Progenics Pharmaceuticals, Inc.
IPR2025-00726
Progenics EX2034






