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3 Image by Bruce Blaus (Creative Commons 3.0). Reproduced from https://en.wikipedia.org/wiki/Neuron.
4 In the context of Machine Learning, the phrase “neural networks” generally refers to ANNs, not BNNs.
5 Drawing of a cortical lamination by S. Ramon y Cajal (public domain). Reproduced from https://en.wikipe

dia.org/wiki/Cerebral_cortex.

Figure 10-1. Biological neuron3

Thus, individual biological neurons seem to behave in a rather simple way, but they
are organized in a vast network of billions of neurons, each neuron typically connec!
ted to thousands of other neurons. Highly complex computations can be performed
by a vast network of fairly simple neurons, much like a complex anthill can emerge
from the combined efforts of simple ants. The architecture of biological neural net!
works (BNN)4 is still the subject of active research, but some parts of the brain have
been mapped, and it seems that neurons are often organized in consecutive layers, as 
shown in Figure 10-2.

Figure 10-2. Multiple layers in a biological neural network (human cortex)5
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6 The name Perceptron is sometimes used to mean a tiny network with a single TLU.

a threshold logic unit (TLU), or sometimes a linear threshold unit (LTU): the inputs
and output are now numbers (instead of binary on/off values) and each input con!
nection is associated with a weight. The TLU computes a weighted sum of its inputs
(z = w1 x1 + w2 x2 + ⋯ + wn xn = xT w), then applies a step function to that sum and
outputs the result: hw(x) = step(z), where z = xT w.

Figure 10-4. !reshold logic unit

The most common step function used in Perceptrons is the Heaviside step function
(see Equation 10-1). Sometimes the sign function is used instead.

Equation 10-1. Common step functions used in Perceptrons

heaviside z =
0 if z < 0
1 if z " 0

sgn z =
#1 if z < 0
0 if z = 0
+1 if z > 0

A single TLU can be used for simple linear binary classification. It computes a linear
combination of the inputs and if the result exceeds a threshold, it outputs the positive
class or else outputs the negative class (just like a Logistic Regression classifier or a
linear SVM). For example, you could use a single TLU to classify iris flowers based on
the petal length and width (also adding an extra bias feature x0 = 1, just like we did in
previous chapters). Training a TLU in this case means finding the right values for w0,
w1, and w2 (the training algorithm is discussed shortly).

A Perceptron is simply composed of a single layer of TLUs,6 with each TLU connected
to all the inputs. When all the neurons in a layer are connected to every neuron in the
previous layer (i.e., its input neurons), it is called a fully connected layer or a dense
layer. To represent the fact that each input is sent to every TLU, it is common to draw
special passthrough neurons called input neurons: they just output whatever input
they are fed. All the input neurons form the input layer. Moreover, an extra bias fea!

282 | Chapter 10: Introduction to Arti!cial Neural Networks with Keras
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ture is generally added (x0 = 1): it is typically represented using a special type of neu!
ron called a bias neuron, which just outputs 1 all the time. A Perceptron with two
inputs and three outputs is represented in Figure 10-5. This Perceptron can classify
instances simultaneously into three different binary classes, which makes it a multi!
output classifier.

Figure 10-5. Perceptron diagram

Thanks to the magic of linear algebra, it is possible to efficiently compute the outputs
of a layer of artificial neurons for several instances at once, by using Equation 10-2:

Equation 10-2. Computing the outputs of a fully connected layer
hW, b X = ! XW + b

• As always, X represents the matrix of input features. It has one row per instance,
one column per feature.

• The weight matrix W contains all the connection weights except for the ones
from the bias neuron. It has one row per input neuron and one column per artifi!
cial neuron in the layer.

• The bias vector b contains all the connection weights between the bias neuron
and the artificial neurons. It has one bias term per artificial neuron.

• The function ! is called the activation function: when the artificial neurons are
TLUs, it is a step function (but we will discuss other activation functions shortly).

So how is a Perceptron trained? The Perceptron training algorithm proposed by
Frank Rosenblatt was largely inspired by Hebb’s rule. In his book !e Organization of
Behavior, published in 1949, Donald Hebb suggested that when a biological neuron
often triggers another neuron, the connection between these two neurons grows
stronger. This idea was later summarized by Siegrid Löwel in this catchy phrase:
“Cells that fire together, wire together.” This rule later became known as Hebb’s rule 
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�ʞȋʉǩȋŒˈƟɫ ɠƟɫƁƟɠʉɫȴȣ ŒȋǊȴɫǩʉǞȝ

8 In the 1990s, an ANN with more than two hidden layers was considered deep. Nowadays, it is common to see
ANNs with dozens of layers, or even hundreds, so the definition of “deep” is quite fuzzy.

9 “Learning Internal Representations by Error Propagation,” D. Rumelhart, G. Hinton, R. Williams (1986).

Multi-Layer Perceptron and Backpropagation
An MLP is composed of one (passthrough) input layer, one or more layers of TLUs,
called hidden layers, and one final layer of TLUs called the output layer (see
Figure 10-7). The layers close to the input layer are usually called the lower layers,
and the ones close to the outputs are usually called the upper layers. Every layer
except the output layer includes a bias neuron and is fully connected to the next layer.

Figure 10-7. Multi-Layer Perceptron

The signal flows only in one direction (from the inputs to the out!
puts), so this architecture is an example of a feedforward neural net"
work (FNN).

When an ANN contains a deep stack of hidden layers8, it is called a deep neural net"
work (DNN). The field of Deep Learning studies DNNs, and more generally models
containing deep stacks of computations. However, many people talk about Deep
Learning whenever neural networks are involved (even shallow ones).

For many years researchers struggled to find a way to train MLPs, without success.
But in 1986, David Rumelhart, Geoffrey Hinton and Ronald Williams published a
groundbreaking paper9 introducing the backpropagation training algorithm, which is
still used today. In short, it is simply Gradient Descent (introduced in Chapter 4)

286 | Chapter 10: Introduction to Arti!cial Neural Networks with Keras
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�ƁʉǩʻŒʉǩȴȣ ǇʞȣƁʉǩȴȣɻ Œȣƌ ʉǞƟǩɫ ƌƟɫǩʻŒʉǩʻƟɻ

11 Biological neurons seem to implement a roughly sigmoid (S-shaped) activation function, so researchers stuck
to sigmoid functions for a very long time. But it turns out that ReLU generally works better in ANNs. This is
one of the cases where the biological analogy was misleading.

fast to compute11. Most importantly, the fact that it does not have a maximum
output value also helps reduce some issues during Gradient Descent (we will
come back to this in Chapter 11).

These popular activation functions and their derivatives are represented in
Figure 10-8. But wait! Why do we need activation functions in the first place? Well, if
you chain several linear transformations, all you get is a linear transformation. For
example, say f(x) = 2 x + 3 and g(x) = 5 x - 1, then chaining these two linear functions
gives you another linear function: f(g(x)) = 2(5 x - 1) + 3 = 10 x + 1. So if you don’t
have some non-linearity between layers, then even a deep stack of layers is equivalent
to a single layer: you cannot solve very complex problems with that.

Figure 10-8. Activation functions and their derivatives

Okay! So now you know where neural nets came from, what their architecture is and
how to compute their outputs, and you also learned about the backpropagation algo!
rithm. But what exactly can you do with them?

Regression MLPs
First, MLPs can be used for regression tasks. If you want to predict a single value (e.g.,
the price of a house given many of its features), then you just need a single output
neuron: its output is the predicted value. For multivariate regression (i.e., to predict
multiple values at once), you need one output neuron per output dimension. For
example, to locate the center of an object on an image, you need to predict 2D coordi!
nates, so you need two output neurons. If you also want to place a bounding box
around the object, then you need two more numbers: the width and the height of the
object. So you end up with 4 output neurons.
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or non-urgent email. In this case, you would need two output neurons, both using
the logistic activation function: the first would output the probability that the email is
spam and the second would output the probability that it is urgent. More generally,
you would dedicate one output neuron for each positive class. Note that the output
probabilities do not necessarily add up to one. This lets the model output any combi!
nation of labels: you can have non-urgent ham, urgent ham, non-urgent spam, and
perhaps even urgent spam (although that would probably be an error).

If each instance can belong only to a single class, out of 3 or more possible classes
(e.g., classes 0 through 9 for digit image classification), then you need to have one
output neuron per class, and you should use the so"max activation function for the
whole output layer (see Figure 10-9). The softmax function (introduced in Chapter 4)
will ensure that all the estimated probabilities are between 0 and 1 and that they add
up to one (which is required if the classes are exclusive). This is called multiclass clas!
sification.

Figure 10-9. A modern MLP (including ReLU and so"max) for classi#cation

Regarding the loss function, since we are predicting probability distributions, the
cross-entropy (also called the log loss, see Chapter 4) is generally a good choice.

Table 10-2 summarizes the typical architecture of a classification MLP.

Table 10-2. Typical Classi#cation MLP Architecture
Hyperparameter Binary classi!cation Multilabel binary classi!cation Multiclass classi!cation
Input and hidden layers Same as regression Same as regression Same as regression
# output neurons 1 1 per label 1 per class
Output layer activation Logistic Logistic Softmax
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2 Here’s an analogy: if you set a microphone amplifier’s knob too close to zero, people won’t hear your voice, but
if you set it too close to the max, your voice will be saturated and people won’t understand what you are say!
ing. Now imagine a chain of such amplifiers: they all need to be set properly in order for your voice to come
out loud and clear at the end of the chain. Your voice has to come out of each amplifier at the same amplitude
as it came in.

Looking at the logistic activation function (see Figure 11-1), you can see that when
inputs become large (negative or positive), the function saturates at 0 or 1, with a
derivative extremely close to 0. Thus when backpropagation kicks in, it has virtually
no gradient to propagate back through the network, and what little gradient exists
keeps getting diluted as backpropagation progresses down through the top layers, so
there is really nothing left for the lower layers.

Figure 11-1. Logistic activation function saturation

Glorot and He Initialization
In their paper, Glorot and Bengio propose a way to significantly alleviate this prob!
lem. We need the signal to flow properly in both directions: in the forward direction
when making predictions, and in the reverse direction when backpropagating gradi!
ents. We don’t want the signal to die out, nor do we want it to explode and saturate.
For the signal to flow properly, the authors argue that we need the variance of the
outputs of each layer to be equal to the variance of its inputs,2 and we also need the
gradients to have equal variance before and after flowing through a layer in the
reverse direction (please check out the paper if you are interested in the mathematical
details). It is actually not possible to guarantee both unless the layer has an equal
number of inputs and neurons (these numbers are called the fan-in and fan-out of the
layer), but they proposed a good compromise that has proven to work very well in
practice: the connection weights of each layer must be initialized randomly as
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6 “Fast and Accurate Deep Network Learning by Exponential Linear Units (ELUs),” D. Clevert, T. Unterthiner,
S. Hochreiter (2015).

Finally, they also evaluated the parametric leaky ReLU (PReLU), where # is authorized
to be learned during training (instead of being a hyperparameter, it becomes a
parameter that can be modified by backpropagation like any other parameter). This
was reported to strongly outperform ReLU on large image datasets, but on smaller
datasets it runs the risk of overfitting the training set.

Figure 11-2. Leaky ReLU

Last but not least, a 2015 paper by Djork-Arné Clevert et al.6 proposed a new activa!
tion function called the exponential linear unit (ELU) that outperformed all the ReLU
variants in their experiments: training time was reduced and the neural network per!
formed better on the test set. It is represented in Figure 11-3, and Equation 11-2
shows its definition.

Equation 11-2. ELU activation function

ELU# z =
# exp z # 1 if z < 0
z if z " 0
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