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What is deep learning?

What has deep learning achieved so 
far?

How significant is it?

Where are we headed next?

Should you believe the hype?





Can a 

computer 

automatically 

learn rules by 

looking at 

data?

This question paves the way for a new 

programming paradigm.

With machine learning, humans input data as the 
answers expected from the data, and out come 

the rules.



Machine 

learning

Machine learning is tightly related 
to mathematical statistics.

A machine-learning system is 
trained.

ML tends to deal with large, 
complex datasets .



The 3 necessary things to do machine learning:

 Input data points

 Examples of the expected output

 A way to measure whether the algorithm is doing a good job



Deep learning

 Deep learning is a specific subfield of machine learning.

 It stands for successive layers of representations. How 

many layers contribute to a model of the data is called 

the depth of the model. 

 In deep learning, these layered representations are 

learned via models called neural networks, structured in 

literal layers stacked on top of each other.

 Multistage way to learn data representations.

What does it mean?



What deep learning has achieved so far

 Near-human-level image classification

 Near-human-level speech recognition

 Near-human-level handwriting transcription

 Improved machine translation 

 Improved text-to-speech conversion

 Near-human-level autonomous driving

 Digital assistants

 Improved search results on the web 

 Ability to answer natural-language questions



The history of ML

Probabilistic 
modeling

The application of the principles 
of statistics to data analysis. It 

was one of the earliest forms of 
machine learning, and it’s still 

widely used to this day. One of 
the best-known algorithms in this 

category is the Naive Bayes 
algorithm.

Early neural 
networks

The first successful practical 
application of neural nets came 

in 1989 from Bell Labs, when 
Yann LeCun combined the 

earlier ideas of convolutional 
neural networks and 

backpropagation, and applied 
them to the problem of 

classifying handwritten digits.

Kernel 
methods

Kernel methods are a group of 
classification algorithms, the best 

known of which is the support 
vector machine (SVM). The 

modern formulation of an SVM 
was developed by Vladimir 

Vapnik and Corinna Cortes in the 
early 1990s at Bell Labs.

SVMs didn’t provide good results 
for perceptual problems such as 
image classification. Because an 

SVM is a shallow method, 
applying an SVM to perceptual 
problems requires first extracting 
useful representations manually, 

which is difficult and brittle. 



Decision trees, 
random forests, 

and gradient 
boosting machines

Decision trees are flowchart-like structures that let you 
classify input data points or predict output values given 

inputs.

Random Forest algorithm introduced a robust, 
practical take on decision-tree learning that involves 
building a large number of specialized decision trees 

and then ensembling their outputs.

A gradient boosting machine uses gradient 
boosting, a way to improve any machine-
learning model by iteratively training new 

models that specialize in addressing the weak 
points of the previous models.

Applied to decision trees, the use of the gradient 
boosting technique results in models that strictly 

outperform random forests most of the time, while 
having similar properties.



Neural 
networks

In 2011, Dan Ciresan from IDSIA began to win 
academic image-classification competitions with 

GPU-trained deep neural networks—the first 
practical success of modern deep learning.

In 2012 came a breaking point, with the 
entry of Hinton’s group in the yearly large-

scale image-classification challenge 
ImageNet. 

Since 2012, deep convolutional neural networks (convnets) have become 

the go-to algorithm for all computer vision tasks



Why deep learning?

Two key 
ideas

•convolutional 
neural networks

•backpropagation



three 
technical 

forces

Hardware
Datasets and 
benchmarks

Algorithmic 
advances



Hardware

Companies like NVIDIA and 
AMD have been investing 

billions of dollars in 
developing fast, massively 
parallel chips to power the 

graphics of increasingly 
photorealistic video games.

In 2007, NVIDIA 

launched CUDA, 
a programming 
interface for its 

line of GPUs.

In 2011, 
some 

researchers 
began to 

write CUDA 
implementat

ions of 
neural nets.

The deep learning 
industry is starting to 

go beyond GPUs 
and is investing in 

increasingly 
specialized, 

efficient chips for 
deep learning.



Data

The data powers our intelligent machines, without which 
nothing would be possible.

The game changer has been the rise of the internet, 
making it feasible to collect and distribute very large 
datasets for machine learning.

The ImageNet dataset has been a catalyst for the rise of 
deep learning consisting of 1.4 million images that have 
been hand annotated with 1,000 image categories.



Algorithms

Several simple but 
important algorithmic 

improvements for 
better gradient 
propagation:

Better activation 
functions for neural 

layers

Better weight-
initialization schemes, 
starting with layer-wise 
pretraining, which was 

quickly abandoned

Better optimization 
schemes



Will it last?

• Simplicity  — Deep learning removes the need for 
feature engineering, replacing complex pipelines 
with simple, end-to-end trainable models.

• Scalability—In addition, deep-learning models are 
trained by iterating over small batches of data, 
allowing them to be trained on datasets of arbitrary 
size. 

• Versatility and reusability - Deep-learning models 
can be trained on additional data without restarting 
from scratch, making them viable for continuous 
online learning. Trained deep-learning models are 
repurposable and thus reusable.

Important 
properties 

about 
deep 

learning



What is deep learning
INTRODUCTION TO DEVELOPING SELF DRIVING CARS

Part 1

Fundamentals 

of deep learning



A first look at a neural network
Classifying handwritten digits using Keras library

0 – 9, 28 x 28 pixel images of handwritten numbers

Using MNIST dataset: 60,000 training images

10,000 test images

The MNIST dataset comes preloaded in Keras, in the form of a set of four Numpy arrays.

from keras.datasets import mnist

The images are encoded as Numpy arrays, and the labels are an array of digits, ranging from 0 
to 9. The images and labels have a one-to-one correspondence.

 The training data:

>>> train_images.shape

(60000, 28, 28)

 The test data:

>>> test_images.shape

(10000, 28, 28)
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The workflow will be like: First, we’ll feed the neural network the training data, train_images
and train_labels. The network will then learn to associate images and labels. Finally, we’ll ask 
the network to produce predictions for test_images, and we’ll verify whether these prediction s 
match the labels from test_labels.

from keras import models

from keras import layers

network = models.Sequential()

network.add(layers.Dense(512, activation='relu', input_shape=(28 * 28,)))

network.add(layers.Dense(10, activation='softmax’))

The core building block of neural networks is the layer, a data-processing module.

Some data goes in, and it comes out in a more useful form.

A deep-learning model is like a sieve for data processing, made of a succession of increasingly 
refined data filters—the layers.

Here, our network consists of a sequence of two Dense layers, which are densely connected 
(also called fully connected) neural layers. The second (and last) layer is a 10-way softmax
layer, which means it will return an array of 10 probability scores that the current digit image 
belongs to one of our 10 digit classes.
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To make the network ready for training, we need three more things, as part of the compilation 
step:

A loss function—How the network will be able to measure its performance on the training data, 
and thus how it will be able to steer itself in the right direction.

An optimizer—The mechanism through which the network will update itself based on the data it 
sees and its loss function.

Metrics to monitor during training and testing—To care about accuracy (the fraction of the 
images that were correctly classified).

network.compile(optimizer='rmsprop’,

loss='categorical_crossentropy’,

metrics=['accuracy’])

Transform it into a float32 array of shape (60000, 28 * 28) with values between 0 and 1:

train_images = train_images.reshape((60000, 28 * 28))

train_images = train_images.astype('float32') / 255

test_images = test_images.reshape((10000, 28 * 28))

test_images = test_images.astype('float32') / 255
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Categorically encode the labels:

from keras.utils import to_categorical

train_labels = to_categorical(train_labels)

test_labels = to_categorical(test_labels)

We’re now ready to train the network, which in Keras is done via a call to the network’s fit method—we 
fit the model to its training data:

>>> network.fit(train_images, train_labels, epochs=5, batch_size=128)

Epoch 1/5

60000/60000 [==============================] - 9s - loss: 0.2524 - acc: 0.9273

Epoch 2/5

51328/60000 [========================>.....] - ETA: 1s - loss: 0.1035 - acc: 0.9692

As you can see, 2 quantities are displayed: loss and accuracy. We quickly reach an accuracy of 0.989 
(98.9%) on the training data.

Now check with the test set:

>>> test_loss, test_acc = network.evaluate(test_images, test_labels)

>>> print('test_acc:', test_acc)

test_acc: 0.9785

This difference comes from overfitting: the fact that machine-learning models tend to perform worse on 
new data than on their training data.
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Data representations for neural networks

Data from the previos example stored in multidimensional Numpy arrays, also called 
tensors.

Tenors are the basic data structures for machine-learning systems. At its core, a tensor is a 
container for data—almost always numerical data. So, it’s a container for numbers. You 
may be already familiar with matrices, which are 2D tensors: tensors are a generalization of 
matrices to an arbitrary number of dimensions (note that in the context of tensors, a 
dimension is often called an axis).

Scalars (0D tensors)

Scalar is a tensor that contains only one number. In Numpy, a float32 or float64 number 
is a scalar tensor. You can display the number of axes of a Numpy tensor via the ndim
attribute; a scalar tensor has 0 axes (ndim == 0).

>>> import numpy as np

>>> x = np.array(12)

>>> x

array(12)

>>> x.ndim

0
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Vectors (1D tensors)

An array of numbers is called a vector, or 1D tensor. A 1D tensor is said to have exactly one 
axis.

>>> x = np.array([12, 3, 6, 14])

>>> x

array([12, 3, 6, 14])

>>> x.ndim

1

Don’t confuse a 5D vector with a 5D tensor! A 5D vector has only one axis and has five 
dimensions along its axis, whereas a 5D tensor has five axes and may have any number of 
dimensions along each axis

Matrices (2D tensors)

An array of vectors is a matrix, or 2D tensor. A matrix has two axes (often referred to rows 
and columns).

>>> x = np.array( [[5, 78, 2, 34, 0],

[6, 79, 3, 35, 1],

[7, 80, 4, 36, 2]])

>>> x.ndim

2
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3D tensors and higher-dimensional tensors

Packing matrices in a new array, makes a 3d tensor, a cube of numbers.

>>> x = np.array( [[[5, 78, 2, 34, 0],

[6, 79, 3, 35, 1],

[7, 80, 4, 36, 2]],

[[5, 78, 2, 34, 0],

[6, 79, 3, 35, 1],

[7, 80, 4, 36, 2]],

[[5, 78, 2, 34, 0],

[6, 79, 3, 35, 1],

[7, 80, 4, 36, 2]]])

>>> x.ndim

3

By packing 3D tensors in an array, you can create a 4D tensor, and so on. In deep learning, 

you’ll generally manipulate tensors that are 0D to 4D, although you may go up to 5D if you 

process video data.
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A tensor is defined by three key attributes:

Number of axes (rank) - For instance, a 3D tensor has three axes, and a matrix has two axes. 
This is also called the tensor’s ndim in Python libraries such as Numpy.

>>> print(train_images.ndim)

3

Shape - This is a tuple of integers that describes how many dimensions the tensor has along 
each axis.

>>> print(train_images.shape)

(60000, 28, 28)

Data type (called dtype in Python libraries) - This is the type of the data contained in the 
tensor; for instance, a tensor’s type could be float32, uint8, float64, and so on.

>>> print(train_images.dtype)

uint8

Displaying the fourth digit in this 3D tensor, using the library Matplotlib:

digit = train_images[4]

import matplotlib.pyplot as plt

plt.imshow(digit, cmap=plt.cm.binary)

plt.show()
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Manipulating tensors in Numpy

Selects digits 10 - 100 (100 not included) and puts them in an array of shape:

>>> my_slice = train_images[10:100]

>>> print(my_slice.shape)

(90, 28, 28)

The notion of data batches

The first axis (axis 0) is a sample axis. Dmodels don’t process an entire dataset at once, they 

break the data into small batches, with the batch size of 128.

batch = train_images[:128]

batch = train_images[128:256]

And the n th batch:

batch = train_images[128 * n:128 * (n + 1)]
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Real-world examples of data tensors

Vector data—2D tensors of shape (samples, features)

Timeseries data or sequence data—3D tensors of shape (samples, timesteps, features)

Images—4D tensors of shape (samples, height, width, channels) or (samples, channels, 

height, width)

Video—5D tensors of shape (samples, frames, height, width, channels) or (samples, frames, 

channels, height, width)

Vector data

This is the most common case. In such a dataset, each single data point can be encoded as a 

vector.

A batch of data will be encoded as a 2D tensor.

The the first axis is the samples axis and the second axis is the features axis.

Part 1

Fundamentals 

of deep learning

Chapter 2:

Before we begin: 

the mathematical 

building blocks of 

neural networks



Timeseries data or sequence data

Whenever time matters, we store in in a 3D tensor, with a time axis. Each sample can be encoded 

as a sequence of vectors (a 2D tensor).

The time axis is always the second axis

Image data

Images typically have three dimensions: height, width, and color depth, so stored in a 3D tensor.

Grayscale images like MNIST digits have no color depth, so they can be stored in a 2D tensor, 

and a 1D color channel.

Video data

Video data is one of the few types of real-world data for which you’ll need 5D tensors. A video 

can be understood as a sequence of frames, each frame being a color image.
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The gears of neural networks: tensor operations

Since tensors are numeric data, it’s possible to add, multiply, ... Tensors

We were building neural network by stacking Dense layers on top of each other. A Keras

layer instance looks like this:

keras.layers.Dense(512, activation='relu’)

This layer can be interpreted as a function, which takes as input a 2D tensor and returns 

another 2D tensor—a new representation for the input tensor.

output = relu(dot(W, input) + b)

We have three tensor operations here: a dot product (dot) between the input tensor and a 

tensor named W; an addition (+) between the resulting 2D tensor and a vector b; and, a relu

operation. relu(x) is max(x, 0).
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Element-wise operations

The relu operation and addition are element-wise operations: operations that are applied 

independently to each entry in the tensors being considered.

You can do element-wise multiplication, subtraction, and so on with built in Numpy

functions.

Broadcasting

When the tensors are different shaped the smaller tensor will be broadcasted to match the 

shape of the larger tensor. Broadcasting consists of two steps:

1. Axes (called broadcast axes) are added to the smaller tensor to match the ndim of the 

larger tensor.

2. The smaller tensor is repeated alongside these new axes to match the full shape of the 

larger tensor.
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Tensor dot

The dot operation, also called a tensor product is the most common, most useful tensor 

operation. Contrary to element-wise operations, it combines entries in the input tensors.

import numpy as np

z = np.dot(x, y)

To understand dot-product shape compatibility, it helps to visualize the input and output 

tensors:
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You can take the dot product between higher-

dimensional tensors, following the same rules for shape 

compatibility as outlined earlier for the 2D case:

(a, b, c, d) . (d,) -> (a, b, c)

(a, b, c, d) . (d, e) -> (a, b, c, e)

.

.

.



Tensor reshaping

A third type of tensor operations.

Reshaping a tensor means rearranging its rows and columns to match a target shape.

train_images = train_images.reshape((60000, 28 * 28))

Geometric interpretation of tensor operations

Because the contents of the tensors manipulated by tensor operations can be interpreted as 

coordinates of points in some geometric space, all tensor operations have a geometric 

interpretation.

A geometric interpretation of deep learning

Imagine two peace of paper on top of each other, and crumpled together. That is your input 

data. Deep learning is about to do little movements, one at a time, to uncrumple it. Each

little movement is a layer in the network.
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Chapter 2
TENSOR OPERATIONS
TENSORRESHAPING



Tensor operation: reshaping

 Reshaping a tensor means rearranging its rows and columns to

match a target shape.

 The reshaped tensor has the same total number of coefficients as

the initial tensor



Tensor reshaping example



Reshaping: transposition

 A special case of reshaping that’s commonly encountered is

transposition. Transposing a matrix means exchanging its rows and
its columns, so that x[i, :] becomes x[:, i]:



Geometric interpretation of tensor 

operations

 All tensor operations have a geometric interpretation, because the

contents of the tensors manipulated by tensor operations can be
interpreted as coordinates of points in some geometric space.



For example:

A(0.5, 1) is a point in a 2D space



For example:

(A + B)



 In general, elementary geometric operations such as affine

transformations, rotations, scaling, and so on can be expressed as
tensor operations. For instance, a rotation of a 2D vector by an

angle theta can be achieved via a dot product with a 2 × 2 matrix

R = [u, v], where u and v are both vectors of the plane: u =

[cos(theta), sin(theta)] and v = [-sin(theta), cos(theta)].



Gradient-based

optimization
THE ENGINE OF NEURAL NETWORKS



 Each neural layer transforms its input data as follows:

 „W” and „b” are tensors: they’re called the weights (kernel) or trainable 

parameters (bias) of the layer.

 These weights contain the information learned by the network from exposure to 

training data and they are initially filled with random values (random 

initialization).

 Training: gradually adjusting weights, based on a feedback signal



Training loop

1. Draw a batch of training samples „x” and corresponding targets „y”.

2. Run the network on „x” (a step called the forward pass) to obtain predictions
„y_pred”.

3. Compute the loss of the network on the batch, a measure of the mismatch

between „y_pred” and „y”.

4. Update all weights of the network in a way that slightly reduces the loss on this

batch.

It will eventually end up with a network that has a very low loss on its training data: a

low mismatch between predictions „y_pred” and expected targets „y”. The

network has „learned” to map its inputs to correct targets.



Gradient
THE DERIVATIVE OF A TENSOR OPERATION



 Input vector: „X”; matrix: „W”; target: „y”;loss function: „loss”;

 „W” for computing a target candidate „y_pred”, and computing the loss, or
mismatch, between the target candidate „y_pred” and the target „y”:

 Let’s say the current value of „W” is „W0”. Then the derivative of „f” in the point
„W0” is a tensor gradient(f)(W0) with the same shape as „W”, where each

coefficient gradient(f) (W0)[i, j] indicates the direction and magnitude of the

change in „loss_value” you observe when modifying W0[i, j]. That tensor

gradient(f)(W0) is the gradient of the function f(W) = loss_value in W0.



Stochastic gradient descent:

Mini-batch stochastic gradient

descent Draw a batch of training samples „x” and corresponding targets „y”.

 Run the network on „x” to obtain predictions „y_pred”.

 Compute the loss of the network on the batch, a measure of the 

mismatch between „y_pred” and „y”.

 Compute the gradient of the loss with regard to the network’s 

parameters (a backward pass).

 Move the parameters a little in the opposite direction from the 

gradient—for example „W -= step * gradient”—thus reducing the 
loss on the batch a bit.



 1D loss curve – 1 parameter, 1 training sample













Deep Learning in 

Python

NEURAL NETWORKS



Chapter 3.1: Anatomy of neural 

network

Training a neural network 

revolves around the following

objects:

➢ Layers, which are 

combined into a network 

(or model)

➢ The input data and 

corresponding targets 

➢ The loss function, which 

defines the feedback 

signal used for learning

➢ The optimizer, which 

determines how learning 

proceeds



Description about the objects

➢ Layer: A layer is a data-processing module that takes as input 

one or more tensors and that outputs one or more tensors

➢ Networks of layers (Models): By choosing a network 

topology, you constrain your space of possibilities (hypothesis 

space) to a specific series of tensor operations, mapping input 

data to output data. Some common ones include the following: 

Two-branch networks, Multihead networks, Inception blocks

➢ Loss function: The quantity that will be minimized during 

training. It represents a measure of success for the task at hand.

➢ Optimizer: Determines how the network will be updated based 

on the loss function. It implements a specific variant of 

stochastic gradient descent (SGD).



Chapter 3.2:. Introduction of 

Keras
Keras is a deep-learning 

framework for Python that 

provides a convenient 

way to define and train 

almost any kind of deep-

learning model. Keras was 

initially developed for 

researchers, with the aim 

of enabling fast 

experimentation.

Keras is used at Google, Netflix, Uber, CERN, Yelp, 

Square, and hundreds of startups working on a wide 

range of problems.



Key features of Keras:

➢ It allows the same code to run seamlessly on CPU or GPU.

➢ It has a user-friendly API that makes it easy to quickly 

prototype deep-learning models.

➢ It has built-in support for convolutional networks (for computer 

vision), recurrent networks (for sequence processing), and any 

combination of both. 

➢ It supports arbitrary network architectures: multi-input or multi-

output models, layer sharing, model sharing, and so on. This 

means Keras is appropriate for building essentially any deep-

learning model, from a generative adversarial network to a 

neural Turing machine.



Deep-learning software and 

hardware stack

Keras is a model-level 

library, providing high-level 

building blocks for 

developing deep-learning 

models.TensorFlow, CNTK, and 

Theano are some of the 

primary platforms for deep 

learning today

When running on CPU, 

TensorFlow is itself 

wrapping a low-level 

library for tensor 

operations called 

Eigen

On GPU, TensorFlow 

wraps a library of 

well-optimized deep-

learning operations 

called the NVIDIA 

CUDA Deep Neural 

Network library.



The typical Keras workflow:

➢ Define your training data: input tensors and target tensors. 

➢ Define a network of layers (or model ) that maps your inputs to 

your targets. 

➢ Configure the learning process by choosing a loss function, an 

optimizer, and some metrics to monitor. 

➢ Iterate on your training data by calling the fit() method of your 

model

Code snippets:



Chapter 3.3:. Setting up a 

workstation

It’s highly recommended, although not strictly necessary, that you run 

deep-learning code on a modern NVIDIA GPU.

Whether you’re running locally or in the cloud, it’s better to be using a 

Unix workstation. Although it’s technically possible to use Keras on 

Windows.

It may seem like a hassle but using Ubuntu will save you a lot of time 

and trouble in the long run.

Also need to install TensorFlow or CNTK or Theano.



Getting Keras running

There are two ways to get started in practice:

Use the official EC2 Deep Learning AMI 

(https://aws.amazon.com/amazonai/amis) and run 

Keras experiments as Jupyter notebooks on EC2

(https://jupyter.org) .

Install everything from scratch on a local Unix 

workstation. You can then run either local Jupyter 

notebooks or a regular Python codebase. The GPU 

must be an NVIDIA GPU. 

NVIDIA is the only graphics computing company that 

has invested heavily in deep learning so far, and 

modern deep-learning frameworks can only run-on 

NVIDIA cards.

https://aws.amazon.com/amazonai/amis
https://jupyter.org/


Chapter 3.4.: The IMDB 

dataset

A set of 50,000 highly polarized reviews from the Internet Movie 

Database. They’re split into 25,000 reviews for training and 25,000 

reviews for testing, each set consisting of 50% negative and 50% 

positive reviews.

Why use separate training and test sets? Because you should never 

test a machine-learning model on the same data that you used to 

train it! Just because a model performs well on its training data 

doesn’t mean it will perform well on data it has never seen; and 

what you care about is your model’s performance on new data



Preparing the data

You can’t feed lists of integers into a neural network. 

You must turn your lists into tensors. There are two 

ways to do that:
➢ Pad your lists so that they all have the same length, turn 

them into an integer tensor of shape and then use as the first 

layer in your network a layer capable of handling such 

integer tensors 

➢ One-hot encode your lists to turn them into vectors of 0s and 

1s. This would mean, for instance, turning the sequence [3, 5] 

into a 10,000-dimensional vector that would be all 0s except 

for indices 3 and 5, which would be 1s. Then you could use 

as the first layer in your network a Dense layer, capable of 

handling floating-point vector data.



Second method:



Building your 

network

The input data is vectors, and the labels are scalars (1s and 0s): 

this is the easiest setup you’ll ever encounter. A type of network 

that performs well on such a problem is a simple stack of fully 

connected (Dense) layers with relu activations.

There are two key architecture decisions to 

be made about such a stack of Dense 

layers: 

➢How many layers to use 

➢How many hidden units to choose for 

each layer



Building your network
Here is a similar Keras implementation, example you saw previously.

Here’s the step where you configure the model with the rmsprop optimizer 

and the binary cross entropy loss function. Note that you’ll also monitor 

accuracy during training.



Building your network
Sometimes you may want to configure the parameters of your 

optimizer or pass a custom loss function or metric function. The 

former can be done by passing an optimizer class instance as the 

optimizer argument, the latter can be done by passing function 

objects as the loss and/or metrics arguments.



Building your network

In order to monitor during training the accuracy of the 

model on data it has never seen before, you have to 

create a validation set by setting apart 10,000 samples 

from the original training data



Building your network
Now you can train the model for 20 epochs

At the same time, you’ll monitor loss and accuracy on 

the 10,000 samples that you set apart. You do so by 

passing the validation data as the validation_data 

argument



Building your network



Building your network

After having trained a network, you’ll want to use it 

in a practical setting. You can generate the 

likelihood of reviews being positive by using the 

predict method:



Deep Learning with 

Python

by Francois Chollet (page 78-93)
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The Reuters dataset(78-84)

 A set of short newswires and their topics, published by Reuters in 1986. 

 You’ll build a network to classify Reuters newswires into 46 mutually exclusive topics.

 This problem is an instance of single-label, multiclass classification because each data point should be classified 
into only one category.

 If each data point could belong to multiple categories (in this case, topics), you’d be facing a multilabel, multiclass
classification problem.

 Loading the Reuters dataset:

 from keras.datasets import reuters

(train_data, train_labels), (test_data, test_labels) = 

reuters.load_data(num_words=10000)

 As with the IMDB dataset, the argument num_words=10000 restricts the data to the 10,000 most frequently 
occurring words found in the data.

 You now have 8,982 training examples and 2,246 test examples



Encoding the data

 To vectorize the labels, you can use one-hot encoding.

 One-hot encoding is a widely used format for categorical data, also called categorical 
encoding.

 In this case, one-hot encoding of the labels consists of embedding each label as an all-
zero vector with a 1 in the place of the label index.

 there is a built-in way to do this in Keras, which you’ve already seen in action in the MNIST 
example:

 from keras.utils.np_utils import to_categorical

 one_hot_train_labels = to_categorical(train_labels)

 one_hot_test_labels = to_categorical(test_labels)



Building your network

 problem: you’re trying to classify short snippets of text.

 the number of output classes has gone from 2 to 46 ,the dimensionality of the output space is much larger.

 In a stack of Dense layers like that you’ve been using, each layer can only access information present in 
the output of the previous layer.

 If one layer drops some information relevant to the classification problem, this information can never be 
recovered by later layers: each layer can potentially become an information bottleneck.

 A 16-dimensional space may be too limited to learn to separate 46 different classes.

 Such small layers may act as information bottlenecks, permanently dropping relevant information.

 For this reason Let’s go with 64 units.



Model definition

 You end the network with a Dense layer of size 46 meaning that for each input sample, the network will 
output a 46-dimensional vector. 

 The last layer uses a softmax activation meaning that the network will output a probability distribution 
over the 46 different output classes.

 for every input sample, the network will produce a 46- dimensional output vector, where output[i] is 
the probability that the sample belongs to class i.

 The 46 scores will sum to 1.

 The best loss function to use in this case is categorical_crossentropy. 

 It measures the distance between two probability distributions: here, between the probability distribution
output by the network and the true distribution of the labels.

 By minimizing the distance between these two distributions, you train the network to output something as 
close as possible to the true labels.



Compiling the modell,Setting aside a validation set, 

Training
 model.compile(optimizer='rmsprop',loss='categorical_crossentropy',metrics=['accuracy’])

 Let’s set apart 1,000 samples in the training data to use as a validation set.

 x_val = x_train[:1000]

 partial_x_train = x_train[1000:]

 y_val = one_hot_train_labels[:1000]

 partial_y_train = one_hot_train_labels[1000:]

 Now, let’s train the network for 20 epochs.

 history = model.fit(partial_x_train,partial_y_train,epochs=20,batch_size=512,validation_data=(x_val, 

y_val))

 And finally, let’s display its loss and accuracy curves



Plotting the training and validation accuracy
and loss

 The network begins to overfit after nine epochs.

 Let’s train a new network from scratch for nine epochs and then evaluate it on the test set.



Retraining a model from scratch, final

results

 Here are the final results after retraining:

 >>> results

 [0.9565213431445807, 0.79697239536954589]

 This approach reaches an accuracy of ~80%. With a balanced binary classification problem, the accuracy 
reached by a purely random classifier would be 50%. 

 But in this case it’s closer to 19%, so the results seem pretty good, at least when compared to a random 
baseline:

 >>> import copy

 >>> test_labels_copy = copy.copy(test_labels)

 >>> np.random.shuffle(test_labels_copy)

 >>> hits_array = np.array(test_labels) == np.array(test_labels_copy)

 >>> float(np.sum(hits_array)) / len(test_labels)

 0.18655387355298308



Here’s what you should take away from this example:

 If you’re trying to classify data points among N classes, your network should end with a Dense layer of size N.

 In a single-label, multiclass classification problem, your network should end with a softmax activation so that 
it will output a probability distribution over the N output classes.

 Categorical crossentropy is almost always the loss function you should use for such problems.

 It minimizes the distance between the probability distributions output by the network and the true distribution 
of the targets.

 There are two ways to handle labels in multiclass classification:

 – Encoding the labels via categorical encoding (also known as one-hot encoding) and using categorical_crossentropy
as a loss function

 – Encoding the labels as integers and using the sparse_categorical_crossentropy loss function

 If you need to classify data into a large number of categories, you should avoid creating information bottlenecks 
in your network due to intermediate layers that are too small.



The Boston Housing Price dataset (85-93)

 Predicting house prices: a regression example

 The two previous examples were considered classification problems, where the goal was to predict a single 
discrete label of an input data point, while this is regression, which consists of predicting a continuous
value instead of a discrete label.

 You’ll attempt to predict the median price of homes, given data points about the suburb at the time, such 
as the crime rate, the local property tax rate, and so on. 

 It has relatively few data points and each feature in the input data has a different scale.

 For instance, some values take values between 0 and 1; others take values between 1 and 12, and so on.

 You have 404 training samples and 102 test samples, each with 13 numerical features, such as per capita 
crime rate, average number of rooms  and so on.

NOTE Don’t confuse regression and the algorithm logistic regression.
Confusingly,logistic regression isn’t a regression algorithm—it’s a classification algorithm.



Preparing the data, Normalizing the data,Model

definition

 Best practice is  to deal with data with wildly different ranges, is to do feature-wise normalization.

 Because so few samples are available, you’ll use a very small network with two hidden layers, each 
with 64 units. 

 In general, the less training data you have, the worse overfitting will be, and using a small network is 
one way to mitigate overfitting.

 The network ends with a single unit and no activation (it will be a linear layer).

 This is a typical setup for scalar regression (a regression where you’re trying to predict a single
continuous value). 



Validating your approach using K-fold validation

 To evaluate your network while you keep adjusting its parameters you could split the data into a training 
set and a validation set, as you did in the previous examples. 

 But because you have so few data points, the validation set would end up being very small.

 This would prevent you from reliably evaluating your model.

 The best practice in such situations is to use K-fold cross-validation.

 It consists of splitting the available data into K partitions (typically K = 4 or 5), instantiating K identical 
models, and training each one on K – 1 partitions while evaluating on the remaining partition. 

 The validation score for the model used is then the average of the K validation scores obtained.



 Running this with num_epochs = 100 yields the following results:

 >>> all_scores

 [2.588258957792037, 3.1289568449719116, 3.1856116051248984, 

3.0763342615401386]

 >>> np.mean(all_scores)

 2.9947904173572462

 The different runs do indeed show rather different validation scores, from 2.6 to 3.2.

 The average (3.0) is a much more reliable metric than any single score.

 In this case, you’re off by $3,000 on average,which is significant considering that the prices range from 
$10,000 to $50,000.

 Let’s try training the network a bit longer: 500 epochs. 

 To keep a record of how well the model does at each epoch, you’ll modify the training loop to save the per
epoch validation score log and plot it.



Plotting validation scores

 import matplotlib.pyplot as plt

 plt.plot(range(1, len(average_mae_history) + 1), 

average_mae_history)

 plt.xlabel('Epochs')

 plt.ylabel('Validation MAE')

 plt.show()

 Validation MAE stops improving significantly after 80 epochs, 
past that point, you start overfitting.

 Once you’re finished tuning other parameters of the model you 
can train a final production model on all of the training data, 
with the best parameters.

 Training the final model:
 model = build_model()

 model.fit(train_data, train_targets,epochs=80, batch_size=16, verbose=0)

 test_mse_score, test_mae_score = model.evaluate(test_data, test_targets)

 Here’s the final result:
 >>> test_mae_score

 2.5532484335057877

 You’re still off by about $2,550.



Here’s what you should take away from this 

example:

 Regression is done using different loss functions than what we used for classification.

 Mean squared error (MSE) is a loss function commonly used for regression.

 Similarly, evaluation metrics to be used for regression differ from those used for classification; naturally, the 
concept of accuracy doesn’t apply for regression.

 A common regression metric is mean absolute error (MAE).

 When features in the input data have values in different ranges, each feature should be scaled 
independently as a preprocessing step.

 When there is little data available, using K-fold validation is a great way to reliably evaluate a model.

 When little training data is available, it’s preferable to use a small network with few hidden layers (typically 
only one or two), in order to avoid severe overfitting.



Chapter 3 summary

 You’re now able to handle the most common kinds of machine-learning tasks on vector data: binary 
classification, multiclass classification, and scalar regression.

 The “Wrapping up” sections earlier in the chapter summarize the important points you’ve learned regarding 
these types of tasks.

 You’ll usually need to preprocess raw data before feeding it into a neural network.

 When your data has features with different ranges, scale each feature independently as part of 
preprocessing.

 As training progresses, neural networks eventually begin to overfit and obtain worse results on never-before-
seen data.

 If you don’t have much training data, use a small network with only one or two hidden layers, to avoid severe 
overfitting.

 If your data is divided into many categories, you may cause information bottlenecks if you make the 
intermediate layers too small.

 Regression uses different loss functions and different evaluation metrics than classification.

 When you’re working with little data, K-fold validation can help reliably evaluate your model.



Four branches of machine learning

 Machine-learning problems: binary classification, multiclass 
classification, and scalar regression →four broad categories

 Supervised learning

 Unsupervised learning

 Self-supervised learning

 Reinforcement learning



Evaluating machine-learning

models

 The goal is to achieve models that generalize and overfitting is the 

central obstacle

 Numerous tests (parameters, overfitting to the validation set, 

information leaks) → optimalization→ the model performs artificially

well

 3 types of validation

 Simple hold-out validation

 K-fold validation

 Iterated K-fold validation with shuffling



SIMPLE HOLD-OUT VALIDATION 

 Set apart some fraction of your data as your test set. Train on the 

remaining data, and evaluate on the test set.



K-FOLD VALIDATION 

 Split your data into K partitions of equal size. For each partition 

i, train a model on the remaining K – 1 partitions, and evaluate 

it on partition i. Your final score is then the averages of the K 

scores obtained.



ITERATED K-FOLD VALIDATION WITH 

SHUFFLING 

 This one is for situations in which you have relatively little data 

available and you need to evaluate your model as precisely as 
possible.

 Extremely helpful in Kaggle competitions

 Consists of applying K-fold validation multiple times, shuffling the 

data every time before splitting it K ways

 The final score is the average of the scores obtained at each run of 

K-fold validation



CHOOSING AN EVALUATION

PROTOCOL

 Things to keep in mind

Data representativeness

 The arrow of time

Redundancy in your data



DATA PREPROCESSING FOR NEURAL 

NETWORKS 

 Aims at making the raw data at hand more amenable to neural 

networks

 3 types:

 Vectorization

 Value normalization

 Handling missing values



FEATURE ENGINEERING

 The process of using your own 

knowledge about the data and 

about the machine-learning 

algorithm at hand (in this case, a 

neural network) to make the 

algorithm work better by 
applying hardcoded 

(nonlearned) transformations to 

the data before it goes into the 

model



OVERFITTING AND UNDERFITTING

 The performance of the model on the held-out validation data 

always peaked after a few epochs and then began to degrade: 
the model quickly started to overfit to the training data

 The processing of fighting overfitting is called regularization.

 Underfit: there is still progress to be made; the network hasn’t yet 

modeled all relevant patterns in the training data

 The best solution is to get more training data



REDUCING THE NETWORK’S SIZE

 The simplest way to prevent overfitting is to reduce the size of the 

model

 in deep learning the number of learnable parameters in the model is 

referred to as the model’s capacity

 More parameters has more memorization capacity





ADDING WEIGHT REGULARIZATION

 This idea also applies to the models learned by neural networks: 

given some training data and a network architecture, multiple sets 
of weight values (multiple models) could explain the data

 Simple model - the distribution of parameter values has less entropy

→ less likely to overfit

 Weight regularization: fitting is to put constraints on the complexity 

of a network by forcing its weights to take only small values, which 

makes the distribution of weight values more regular



TWO FLAVORS OF REGULARIZATION

L1 Regularization

 absolute value of the weight 

coefficients

L2 Regularization

 square of the value of the weight 

coefficients 



ADDING A DROPOUT

 Dropout is one of the most effective 

and most commonly used 

regularization techniques for neural 

networks

 The dropout rate is the fraction of the 

features that are zeroed out



THE UNIVERSAL WORKFLOW OF 

MACHINE LEARNING

 Achieving statistical power: developing a small model that is 

capable of beating a dumb baseline

 Three key choices: 

 Last-layer activation

 Loss function

 Optimization configuration



CHAPTER SUMMARY

 Define the problem at hand and the data on which you’ll train. Collect 
this data, or annotate it with labels if need be.

 Choose how you’ll measure success on your problem. Which metrics will 
you monitor on your validation data?

 Determine your evaluation protocol: hold-out validation? K-fold 
validation? Which portion of the data should you use for validation?

 Develop a first model that does better than a basic baseline: a model 
with statistical power. 

 Develop a model that overfits. 

 Regularize your model and tune its hyperparameters, based on 
performance on the validation data. A lot of machine-learning 
research tends to focus only on this step—but keep the big picture in 
mind.



Introduction to convnets

 This example uses a convnet to classify MNIST digits, a task we 

performed in chapter 2 using a densely connected network.

 The following lines of code show you what a basic convnet looks 

like. It’s a stack of Conv2D and MaxPooling2D layers.

In this case, we’ll configure the convnet to process 

inputs of size (28, 28, 1), which is the format of MNIST 

images. We’ll do this by passing the argument 

input_shape=(28, 28, 1) to the first layer



Introduction to convnets

The next step is to feed the last output tensor (of shape (3, 3, 64)) into a 

densely connected classifier network

Now, let’s train the convnet on the MNIST digits. We’ll 

reuse a lot of the code from the MNIST example in 

chapter 2



The convolution operation

 The fundamental difference between a densely connected layer 

and a convolution layer is this: Dense layers learn global patterns in 
their input feature space whereas convolution layers learn local 

patterns.

Images can be broken 

into local patterns such 

as edges, textures, and 

so on.



This key characteristic gives 

convnets two interesting properties:

 The patterns they learn are translation invariant:

After learning a certain pattern in the lower-right corner of a 

picture, a convnet can recognize it anywhere.

 They can learn spatial hierarchies of patterns:

A first convolution layer will learn small local patterns such as edges, a second 

convolution layer will learn larger patterns made of the features of the first layers, 

and so on.



Feature maps

Convolutions operate over 3D tensors, called feature maps, with two 

spatial axes as well as a depth axis.

The convolution operation extracts patches from its input feature map 

and applies the same transformation to all of these patches, 

producing an output feature map.

This output feature map is still a 3D tensor.

The different channels in that depth axis no longer stand for specific 

colors as in RGB input; rather, they stand for filters.



Filters

Filters encode specific aspects of the input data: at a high level, a 

single filter could encode the concept “presence of a face in the 
input,” for instance.

In the MNIST example:

first convolution layer:map of size (28, 28, 1) 

outputs: map of size (26, 26, 32)

The concept of a 

response map: a 2D 

map of the presence 

of a pattern at 

different locations in 

an input

It computes 32 filters over 

its input. Each of these 32 

output channels contains 

a 26 × 26 grid of values, 

which is a response map 

of the filter over the input, 

indicating the response of 

that filter pattern at 

different locations in the 

input.



Convolutions are defined by two 

key parameters:

 Size of the patches extracted from the inputs—These are typically 3 

× 3 or 5 × 5. In the example, they were 3 × 3, which is a common 
choice.

 Depth of the output feature map—The number of filters computed 

by the convolution. The example started with a depth of 32 and 

ended with a depth of 64.



How convolution works

 A convolution works by sliding these windows of 
size 3 × 3 or 5 × 5 over the 3D input feature map, 
stopping at every possible location, and 
extracting the 3D patch of surrounding 
features.Each such 3D patch is then 
transformed into a 1D vector of shape. All of 
these vectors are then spatially reassembled 
into a 3D output map of shape.Every spatial 
location in the output feature map corresponds 
to the same location in the input feature map. 
For instance, with 3 × 3 windows, the vector 
output[i, j, :] comes from the 3D patch input[i-
1:i+1, j-1:j+1, :].



BORDER EFFECTS AND PADDING

 Consider a 5 × 5 feature map (25 tiles total). There are only 9 tiles 

around which you can center a 3 × 3 window, forming a 3 × 3 grid. 
Hence, the output feature map will be 3 × 3.

 Padding consists of adding an appropriate number of rows and 

columns on each side of the input feature map so as to make it 

possible to fit center convolution windows around every input tile.



Max pooling

 The distance between two successive windows is a parameter of 

the convolution, called its stride, which defaults to 1.

 Max pooling consists of extracting windows from the input feature 

maps and outputting the max value of each channel. It’s 

conceptually similar to convolution, except that instead of 

transforming local patches via a learned linear transformation (the 

convolution kernel), they’re transformed via a hardcoded max 

tensor operation.



Dogs and cats dataset

www.kaggle .com/c/dogs-vs-cats/data

This dataset contains 25,000 images of dogs and cats (12,500 from 

each class) and is 543 MB (compressed). After downloading and 

uncompressing it the created dataset will contain three subsets: a 

training set with 1,000 samples of each class, a validation set with 500 

samples of each class, and a test set with 500 samples of each class.



Building the network

The network will have one more Conv2D + 
MaxPooling2D stage. This serves both to augment 
the capacity of the network and to further reduce 
the size of the feature maps so they aren’t overly 
large when you reach the Flatten layer. It will end 
up with feature maps of size     7 × 7 just before the 
Flatten layer.

You’ll end the network with a single unit (a Dense 
layer of size 1) and a sigmoid activation. This unit will 
encode the probability that the network is looking 
at one class or the other.



Topics in Chapter 5

(In this presentation, we

will talk about the topics

highlighted with red

colour)

Learning Algorithms

Capacity, Overfitting and Underfitting

Hyperparameters and Validation Sets

Estimators, Bias and Variance

Maximum Likelihood Estimation

Bayesian Statistics

Supervised, Unsupervised Learning Algorithms

Stochastic Gradient Descent

Building a Machine Learning Algorithm

Challenges Motivation Deep Learning



Bayesian Statistics

Consider all possible 
values of θ when 

making a prediction. 
The latter is the domain 

of Bayesian statistics.

The Bayesian 
perspective on statistics 

is quite different(from
the frequentist

statistics).

The Bayesian uses 
probability to reflect 

degrees of certainty of 
states of knowledge, 

the dataset is and so is 
not random.

the true parameter θ is 
unknown or uncertain 

and thus is represented 
as a random variable. 

Before observing the 
data, we represent our 
knowledge of θ using 
the prior probability 

distribution, p(θ) (also
known as „the prior”)



Bayesian Statistics

Generally, the machine learning practitioner 
selects a prior distribution that is quite broad to 
reflect a high degree of uncertainty in the value of 
θ before observing any data.

Now consider that we have a set of data samples 
{x(1), . . . , x(m)}. We can recover the effect of data 
on our belief about θ by combining the data 
likelihood p(x(1) , . . . , x(m) | θ) with the prior via 
Bayes’ rule →



Bayesian Statistics

The prior begins as a relatively uniform or Gaussian 
distribution with high entropy, and the observation of 
the data usually causes the posterior to lose entropy 
and concentrate around a few highly likely values of 
the parameters.

Relative to maximum likelihood estimation, Bayesian 
estimation offers two important differences. First, 
unlike the maximum likelihood approach that makes 
predictions using a point estimate of θ, the Bayesian 
approach is to make predictions using a full 
distribution over θ. For example, after observing m
examples, the predicted distribution over the next 
data sample, x(m+1) , is given by



Bayesian Statistics

The second important difference between the Bayesian approach to estimation and the 
maximum likelihood approach is due to the contribution of the Bayesian prior distribution. The 
prior has an influence by shifting probability mass density towards regions of the parameter 
space that are preferred a priori.

In practice, the prior often expresses a preference for models that are simpler or more smooth. 
Critics of the Bayesian approach identify the prior as a source of subjective human judgment 
impacting the predictions.

Bayesian methods typically generalize much better when limited training data is available, 
but typically suffer from high computational cost when the number of training examples is 
large.



Bayesian Statistics

Example: Bayesian Linear Regression Here we consider the Bayesian estimation approach to 
learning the linear regression parameters. In linear regression, we learn a linear mapping from 
an input vectorx ∈ Rn to predict the value of a scalar y ∈ R. The prediction is parametrized by 
the vector w ∈ Rn:

Given a set of m training samples (X(train) , y(train) ), we can express the prediction of y over 
the entire training set as:



Bayesian Statistics

Expressed as a Gaussian 
conditional distribution on 

y(train) , we have

where we follow the 
standard MSE formulation 

in assuming that the 
Gaussian variance on y is 

one. In what follows, to 
reduce the notational 

burden, we refer to (X(train) , 
y(train) ) as simply (X, y).



Supervised Learning Algorithm

Supervised learning 
algorithms are, roughly 

speaking, learning algorithms 
that learn to associate some 

input with some output, 
given a training set of 

examples of inputs x and 
outputs y.

In many cases the outputs y 
may be difficult to collect 

automatically and must be 
provided by a human 

“supervisor,” but the term still 
applies even when the 
training set targets were 
collected automatically.



Probabilistic 

Supervised Learning

We can generalize linear regression to the classification scenario by 
defining a different family of probability distributions. If we have two 

classes, class 0 and class 1, then we need only specify the probability of 
one of these classes. The probability of class 1 determines the 

probability of class 0, because these two values must add up to 1.

We have already seen that linear regression corresponds to the family

Most supervised learning algorithms in this book are based on 
estimating a probability distribution p(y | x). We can do this simply by 

using maximum likelihood estimation to find the best parameter vector 
θ for a parametric family of distributions p(y | x; θ).



Probabilistic 

Supervised Learning

The normal distribution over real-valued numbers that 
we used for linear regression is parametrized in terms of 
a mean. Any value we supply for this mean is valid. A 
distribution over a binary variable is slightly more 
complicated, because its mean must always be 
between 0 and 1. One way to solve this problem is to 
use the logistic sigmoid function to squash the output 
of the linear function into the interval (0, 1) and 
interpret that value as a probability:

This approach is known aslogistic regression (a 
somewhat strange name since we use the model for 
classification rather than regression).



Probabilistic 

Supervised Learning

In the case of linear regression, we were able to find 
the optimal weights by solving the normal 
equations. Logistic regression is somewhat more 
difficult. There is no closed-form solution for its 
optimal weights. Instead, we must search for them 
by maximizing the log-likelihood. We can do this by 
minimizing the negative log-likelihood (NLL) using 
gradient descent. 

This same strategy can be applied to essentially any 
supervised learning problem, by writing down a 
parametric family of conditional probability 
distributions over the right kind of input and output 
variables.



Support Vector 

Machines 

This model is similar to logistic regression in that it is 
driven by a linear function wTx +b. Unlike logistic 
regression, the support vector machine does not 
provide probabilities, but only outputs a class 
identity. The SVM predicts that the positive class is 
present when wT x + b is positive. Likewise, it predicts 
that the negative class is present when wT x + b is 
negative.

One key innovation associated with support vector 
machines is the kernel trick. The kernel trick consists 
of observing that many machine learning algorithms 
can be written exclusively in terms of dot products 
between examples. For example, it can be shown 
that the linear function used by the support vector 
machine can be re-written as



Support Vector 

Machines 

Rewriting the learning algorithm this
way allows us to replace x by the
output of a given feature function φ(x)
and the dot product with a function
k(x, x(i) ) = φ(x)·φ(x(i) ) called a kernel.
The · operator represents an inner
product analogous to φ(x) φ(x(i) ). For
some feature spaces, we may not use
literally the vector inner product. In
some infinite dimensional spaces, we
need to use other kinds of inner
products, for example, inner products
based on integration rather than
summation. A complete development
of these kinds of inner products is
beyond the scope of this book.

After replacing dot products 
with kernel evaluations, we 
can make predictions using 

the function



Support Vector 

Machines 

In some cases, φ(x) can even be infinite dimensional, which 
would result in an infinite computational cost for the naive, 
explicit approach. In many cases, k(x, x ) is a nonlinear, 
tractable function of x even when φ(x) is intractable. As an 
example of an infinite-dimensional feature space with a tractable 
kernel, we construct a feature mapping φ(x) over the non-
negative integers x. Suppose that this mapping returns a vector 
containing x ones followed by infinitely many zeros. We can write 
a kernel function k(x, x(i) ) = min(x, x(i) ) that is exactly equivalent 
to the corresponding infinite-dimensional dot product.

The most commonly used kernel is the Gaussian kernel



Other Simple 
Supervised 
Learning 
Algorithms

Diagrams describing how a 
decision tree works. (Top)Each 
node of the tree chooses to send 
the input example to the child node 
on the left (0) or or the child node 
on the right (1). Internal nodes are 
drawn as circles and leaf nodes as 
squares. Each node is displayed 
with a binary string identifier 
corresponding to its position in the 
tree, obtained by appending a bit 
to its parent identifier (0=choose left 
or top, 1=choose right or bottom). 
(Bottom)The tree divides space into 
regions



Unsupervised 

Learning Algorithms

The distinction between supervised and unsupervised algorithms is 
not formally and rigidly defined because there is no objective test 
for distinguishing whether a value is a feature or a target provided 
by a supervisor.

Informally, unsupervised learning refers to most attempts to extract 
information from a distribution that do not require human labor to 
annotate examples.

A classic unsupervised learning task is to find the “best” 
representation of the data. By ‘best’ we can mean different 
things, but generally speaking we are looking for a representation 
that preserves as much information about x as possible while 
obeying some penalty or constraint aimed at keeping the 
representation simpler or more accessible than x itself



Unsupervised 

Learning Algorithms

There are multiple ways of 
defining a simpler 

representation. Three of the 
most common include lower 
dimensional representations, 
sparse representations and 

independent 
representations

Low-dimensional 
representations attempt to 

compress as much 
information about x as 

possible in a smaller 
representation

Sparse representations
embed the dataset into a 

representation whose entries 
are mostly zeroes for most 

inputs.

Independent 
representations attempt to 
disentangle the sources of 

variation underlying the 
data distribution such that 

the dimensions of the 
representation are 

statistically independent.

Lowdimensional representations often yield elements that have fewer 
or weaker dependencies than the original high-dimensional data. This 

is because one way to reduce the size of a representation is to find 
and remove redundancies. Identifying and removing more 

redundancy allows the dimensionality reduction algorithm to achieve 
more compression while discarding less information.



Principal 

Components 

Analysis

PCA learns a linear projection 

that aligns the direction of 

greatest variance with the axes 

of the new space. (Left)The 

original data consists of 

samples of x. In this space, the 

variance might occur along 

directions that are not axis-

aligned. (Right)The transformed 

data z= xTW now varies most 

along the axis z1. The direction 

of second most variance is now 

along z2.



Principal 

Components 

Analysis

PCA learns a representation that has lower dimensionality 
than the original input. It also learns a representation 
whose elements have no linear correlation with each 
other. This is a first step toward the criterion of learning 
representations whose elements are statistically 
independent. To achieve full independence, a 
representation learning algorithm must also remove the 
nonlinear relationships between variables.

Let us consider the m × n-dimensional design matrix X. We 
will assume that the data has a mean of zero, E[x] = 0. If 
this is not the case, the data can easily be centered by 
subtracting the mean from all examples in a 
preprocessing step. The unbiased sample covariance 
matrix associated with X is given by:



k-means Clustering

The k-means clustering algorithm divides the training 
set into k different clusters of examples that are near 
each other. We can thus think of the algorithm as 
providing a k-dimensional one-hot code vector h
representing an input x. If x belongs to cluster i, then hi

= 1 and all other entries of the representation h are 
zero.

The k-means algorithm works by initializing k different 
centroids {µ(1), . . . , µ(k) } to different values, then 
alternating between two different steps until 
convergence. In one step, each training example is 
assigned to clusteri, where i is the index of the nearest 
centroid µ(i) . In the other step, each centroid µ(i) is 
updated to the mean of all training examples x(j)
assigned to cluster i.



k-means Clustering

One difficulty pertaining to clustering is 
that the clustering problem is inherently 

ill-posed, in the sense that there is no 
single criterion that measures how well a 
clustering of the data corresponds to the 
real world. We can measure properties 
of the clustering such as the average 

Euclidean distance from a cluster 
centroid to the members of the cluster. 

This allows us to tell how well we are able 
to reconstruct the training data from the 

cluster assignments. We do not know 
how well the cluster assignments 

correspond to properties of the real 
world. Moreover, there may be many 

different clusterings that all correspond 
well to some property of the real world.



Stochastic Gradient Descent

A recurring problem in machine learning is that large training sets are necessary 
for good generalization, but large training sets are also more computationally 
expensive.

The cost function used by a machine learning algorithm often decomposes as 
a sum over training examples of some per-example loss function. For example, 
the negative conditional log-likelihood of the training data can be written as

where L is the per-example loss L(x, y, θ) = − log p(y | x; θ). For these additive 
cost functions, gradient descent requires computing



Stochastic Gradient 

Descent

The computational cost of this operation is O(m). As the training set size grows to 
billions of examples, the time to take a single gradient step becomes prohibitively 

long. The insight of stochastic gradient descent is that the gradient is an 
expectation. The expectation may be approximately estimated using a small set of 
samples. Specifically, on each step of the algorithm, we can sample a minibatch 

of examples B = {x(1), . . . , x(m’) } drawn uniformly from the training set. The 
minibatch size m’ is typically chosen to be a relatively small number of examples, 
ranging from 1 to a few hundred. Crucially, m’ is usually held fixed as the training 
set size m grows. We may fit a training set with billions of examples using updates 

computed on only a hundred examples.

For these additive cost functions, gradient descent requires computing



Stochastic Gradient Descent

The estimate of the 
gradient is formed as

using examples from the 
minibatch B. The 

stochastic gradient 
descent algorithm then 
follows the estimated 

gradient downhill:

where  is the є learning 
rate.



Building a Machine Learning 

Algorithm

Nearly all deep learning algorithms can be described as particular 
instances of a fairly simple recipe: combine a specification of a 
dataset, a cost function, an optimization procedure and a model.

For example, the linear regression algorithm combines a dataset 
consisting of X and y, the cost function

The model specification pmodel(y | x) = N (y;xTw + b, 1), and, in 
most cases, the optimization algorithm defined by solving for 
where the gradient of the cost is zero using the normal equations.



Building a 
Machine 
Learning 
Algorithm

The cost function typically includes at least one term 
that causes the learning process to perform statistical 
estimation. The most common cost function is the 
negative log-likelihood, so that minimizing the cost 
function causes maximum likelihood estimation.

The cost function may also include additional terms, 
such as regularization terms. For example, we can add 
weight decay to the linear regression cost function to 
obtain

This still allows closed-form optimization.



Building a Machine Learning 

Algorithm
If we change the model to be nonlinear, then most cost functions can no longer be 
optimized in closed form. This requires us to choose an iterative numerical optimization 
procedure, such as gradient descent.

The recipe for constructing a learning algorithm by combining models, costs, and 
optimization algorithms supports both supervised and unsupervised learning. The linear 
regression example shows how to support supervised learning. Unsupervised learning can be 
supported by defining a dataset that contains only X and providing an appropriate 
unsupervised cost and model. For example, we can obtain the first PCA vector by specifying 
that our loss function is

While our model is defined to have w with norm one and reconstruction function r(x) = wTxw.



Building a 
Machine 
Learning 
Algorithm

In some cases, the cost function may be a function that we cannot actually 
evaluate, for computational reasons. In these cases, we can still 
approximately minimize it using iterative numerical optimization so long as 
we have some way of approximating its gradients.

Most machine learning algorithms make use of this recipe, though it may not 
immediately be obvious. If a machine learning algorithm seems especially 
unique or hand-designed, it can usually be understood as using a special-
case optimizer. Some models such as decision trees or k-means require 
special-case optimizers because their cost functions have flat regions that 
make them inappropriate for minimization by gradient-based optimizers.

Recognizing that most machine learning algorithms can be described using 
this recipe helps to see the different algorithms as part of a taxonomy of 
methods for doing related tasks that work for similar reasons, rather than as a 
long list of algorithms that each have separate justifications.



Challenges Motivating Deep Learning

Challenge of generalizing to new examples becomes exponentially more 
difficult when working with high-dimensional data, and how the 
mechanisms used to achieve generalization in traditional machine learning 
are insufficient to learn complicated functions in high-dimensional spaces.

Such spaces also often impose high computational costs. Deep learning 
was designed to overcome these and other obstacles.
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Listing 5.22 Freezing all layers up to a specific one

conv_base.trainable = True

set_trainable = False

for layer in conv_base.layers:

if layer.name == 'block5_conv1’:

set_trainable = True

if set_trainable:

layer.trainable = True

else:

layer.trainable = False

You can fine tuning whit RMSProp optimizer,
using a very low learning rate. The reason for using a low 
learning rate is that
you want to limit the magnitude of the modifications you make 
to the representations
of the three layers you’re fine-tuning. Updates that are too 
large may harm these representations.



Listing 5.23 Fine-tuning the model

model.compile(loss='binary_crossentropy’,

optimizer=optimizers.RMSprop(lr=1e-5),

metrics=['acc’])

history = model.fit_generator(

train_generator,

steps_per_epoch=100,

epochs=100,

validation_data=validation_generator,

validation_steps=50)

To make them more readable, you can smooth them by
replacing every loss and accuracy with exponential moving 
averages of these quantities.



Listing 5.24 Smoothing the plots

def smooth_curve(points, factor=0.8):

smoothed_points = []

for point in points:

if smoothed_points:

previous = smoothed_points[-1]

smoothed_points.append(previous * factor + point * (1 - factor))

else:

smoothed_points.append(point)

return smoothed_points

plt.plot(epochs, smooth_curve(acc), 'bo', label='Smoothed training acc')

plt.plot(epochs, smooth_curve(val_acc), 'b', label='Smoothed validation acc')

plt.title('Training and validation accuracy')

plt.legend()

plt.figure()

plt.plot(epochs,smooth_curve(loss), 'bo', label='Smoothed training loss')

plt.plot(epochs,smooth_curve(val_loss), 'b', label='Smoothed validation loss')

plt.title('Training and validation loss')

plt.legend()

plt.show()

The validation accuracy curve look much cleaner. You’re seeing a nice 1% 
absolute improvement in accuracy, from about 96% to above 97%.



What you display is an average of pointwise loss values;
but what matters for accuracy is the distribution of the loss values, not their average, because accuracy is the result of a 
binary thresholding of the class probability predicted by the model. The model may still be improving even if this isn’t 
reflected in the average loss.

You can now finally evaluate this model on the test data:

test_generator = test_datagen.flow_from_directory(

test_dir,

target_size=(150, 150),

batch_size=20,

class_mode='binary')

test_loss, test_acc = model.evaluate_generator(test_generator, steps=50)

print('test acc:', test_acc)

Here you get a test accuracy of 97%.

Using modern deep-learning
techniques, you managed to reach this result using only a small fraction of the training
data available (about 10%).



5.3.3 Wrapping up

Here’s what you should take away from the exercises in the past two sections:

1. Convnets are the best type of machine-learning models for computer-visiontasks. It’s possible to train one from 
scratch even on a very small dataset, with decent results.

2. On a small dataset, overfitting will be the main issue. Data augmentation is a powerful way to fight overfitting 
when you’re working with image data.

3. It’s easy to reuse an existing convnet on a new dataset via feature extraction. This is a valuable technique for 
working with small image datasets.

4. As a complement to feature extraction, you can use fine-tuning, which adapts to a new problem some of the 
representations previously learned by an existing model. This pushes performance a bit further.



5.4 Visualizing what convnets learn

Deep-learning models are “black boxes”: learning representations that are difficult to extract and present 
in a human-readable form. Although this is partially true for certain types of deep-learning models, it’s 
definitely not true for convnets. The representations learned by convnets are highly amenable to 
visualization, in large part because they’re representations of visual concepts.

We’ll cover three of the most accessible and useful ones:

❖ Visualizing intermediate convnet outputs (intermediate activations)
Useful for understanding how successive convnet layers transform their 
input, and for getting a first idea of the meaning of individual convnet filters.

❖ Visualizing convnets filters
Useful for understanding precisely what visual pattern or concept each filter 
in a convnet is receptive to.

❖ Visualizing heatmaps of class activation in an image
Useful for understanding which parts of an image were identified as 
belonging to a given class, thus allowing you to localize objects in images.

VGG16 
model

small convnet from
classification problem



5.4.1 Visualizing intermediate activations

Visualizing intermediate activations consists of displaying the 
feature maps that are output by various convolution and pooling 
layers in a network, given a certain input (the output of a layer is often called its 

activation, the output of the activation function).

You want to visualize feature maps with three dimensions: width, 
height, and depth (channels). Each channel encodes relatively 
independent features, so the proper way to visualize these feature 
maps is by independently plotting the contents of every channel as a 
2D image.

>>> from keras.models import load_model

>>> model = load_model('cats_and_dogs_small_2.h5')

>>> model.summary() <1> As a reminder.

________________________________________________________________

Layer (type) Output Shape Param #

================================================================

conv2d_5 (Conv2D) (None, 148, 148, 32) 896

________________________________________________________________

maxpooling2d_5 (MaxPooling2D) (None, 74, 74, 32) 0

________________________________________________________________

conv2d_6 (Conv2D) (None, 72, 72, 64) 18496

________________________________________________________________

maxpooling2d_6 (MaxPooling2D) (None, 36, 36, 64) 0

________________________________________________________________

conv2d_7 (Conv2D) (None, 34, 34, 128) 73856

________________________________________________________________

maxpooling2d_7 (MaxPooling2D) (None, 17, 17, 128) 0

________________________________________________________________

conv2d_8 (Conv2D) (None, 15, 15, 128) 147584

________________________________________________________________

maxpooling2d_8 (MaxPooling2D) (None, 7, 7, 128) 0

________________________________________________________________

flatten_2 (Flatten) (None, 6272) 0

________________________________________________________________

dropout_1 (Dropout) (None, 6272) 0

________________________________________________________________

dense_3 (Dense) (None, 512) 3211776

________________________________________________________________

dense_4 (Dense) (None, 1) 513

================================================================

Total params: 3,453,121

Trainable params: 3,453,121

Non-trainable params: 0

Next, you’ll get an input image—a picture of a cat, not 
part of the images the network
was trained on.



Listing 5.25 Preprocessing a single image Listing 5.26 Displaying the test picture
img_path = 

'/Users/fchollet/Downloads/cats_and_dogs_small/test/cats/cat.1700.jpg’

from keras.preprocessing import image

import numpy as np

img = image.load_img(img_path, target_size=(150, 150))

img_tensor = image.img_to_array(img)

img_tensor = np.expand_dims(img_tensor, axis=0)

img_tensor /= 255.

<1> Its shape is (1, 150, 150, 3)

print(img_tensor.shape)

Preprocesses the image into a 4D tensor

Remember that the model was trained on
inputs that were preprocessed this way.

import matplotlib.pyplot as plt

plt.imshow(img_tensor[0])

plt.show()

You’ll create a Keras model
that takes batches of images as 
input, and outputs the activations 
of all convolution and
pooling layers. To do this, you’ll 
use the Keras class Model.

A model is instantiated using two arguments: an input tensor
(or list of input tensors) and an output tensor (or list of output 
tensors). The resulting class is a Keras model, just like the
Sequential models you’re familiar with, mapping the
specified inputs to the specified outputs. What sets the Model
class apart is that it allows for models with multiple outputs,
unlike Sequential.

Listing 5.27 Instantiating a model from an input tensor 
and a list of output tensors

from keras import models

layer_outputs = [layer.output for layer in model.layers[:8]]

activation_model = models.Model(inputs=model.input, 

outputs=layer_outputs)

Extracts the outputs of
the top eight layers

Creates a model that will return these
outputs, given the model input

When fed an image input, this model returns the values of the layer activations in the original
model. The models you’ve seen have had exactly one input and one output. In the general case, 
a model can have any number of inputs and outputs. This one has one input and eight outputs: 
one output per layer activation.



Listing 5.28 Running the model in predict mode

Listing 5.29 Visualizing the fourth channel

Listing 5.30 Visualizing the seventh channel

activations = activation_model.predict(img_tensor)

>>> first_layer_activation = activations[0]

>>> print(first_layer_activation.shape)

(1, 148, 148, 32)

For instance, this is the activation of the first convolution 
layer for the cat image input:

It’s a 148 × 148 feature map with 32 channels.

Returns a list of five Numpy arrays: one array per layer activation

import matplotlib.pyplot as plt

plt.matshow(first_layer_activation[0, :, :, 4], cmap='viridis')

Fourth channel of the activation
of the first layer on the test cat picture

This channel 
appears to 
encode a 
diagonal edge 
detector.

plt.matshow(first_layer_activation[0, :, :, 7], cmap='viridis')

Seventh channel of the activation
of the first layer on the test cat picture

This one looks like a “bright green dot” detector, useful to 
encode cat eyes



layer_names = []

for layer in model.layers[:8]:

layer_names.append(layer.name)

images_per_row = 16

for layer_name, layer_activation in zip(layer_names, activations):

n_features = layer_activation.shape[-1]

size = layer_activation.shape[1]

n_cols = n_features // images_per_row

display_grid = np.zeros((size * n_cols, images_per_row * size))

for col in range(n_cols):

for row in range(images_per_row):

channel_image = layer_activation[0, :, :, col * images_per_row + row]

channel_image -= channel_image.mean()

channel_image /= channel_image.std()

channel_image *= 64

channel_image += 128

channel_image = np.clip(channel_image, 0, 255).astype('uint8')

display_grid[col * size : (col + 1) * size, row * size : (row + 1) * size] = channel_image

scale = 1. / size

plt.figure(figsize=(scale * display_grid.shape[1], scale * display_grid.shape[0]))

plt.title(layer_name)

plt.grid(False)

plt.imshow(display_grid, aspect='auto', cmap='viridis')

Names of the layers, so you can
have them as part of your plot

Displays the feature maps
Number of features in thefeature map

The feature map has shape (1, size, size, n_features).

Tiles the activation channels in this matrix

Tiles each filter into a big horizontal grid

Post-processes the feature to make it visually palatable

Displays the grid



There are a few things to note here:
❖ The first layer acts as a collection of various edge detectors. At that stage, the

activations retain almost all of the information present in the initial picture.
❖ As you go higher, the activations become increasingly abstract and less 

visually interpretable. They begin to encode higher-level concepts such as 
“cat ear” and “cat eye.” Higher presentations carry increasingly less 
information about the visual contents of the image, and increasingly more 
information related to the class of the image.

❖ The sparsity of the activations increases with the depth of the layer: in the 
first layer, all filters are activated by the input image; but in the following 
layers, more and more filters are blank. This means the pattern encoded by 
the filter isn’t found in the input image.

We have just evidenced an important universal characteristic of the
representations learned by deep neural networks: the features extracted by a 
layer become increasingly abstract with the depth of the layer. The activations of 
higher layers carry less and less information about the specific input being seen,
and more and more information about the target. A deep neural network
effectively acts as an information distillation pipeline, with raw data going in
(in this case, RGB pictures) and being repeatedly transformed so that irrelevant
information is filtered out (for example, the specific visual appearance of the image), and useful 
information is magnified and refined (for example, the class of the image).

Human can remember which abstract objects were
present in it (bicycle, tree) but can’t remember the specific 
appearance of these
objects.



5.4.2 Visualizing convnet filters

Another easy way to inspect the filters learned by convnets is to display 
the visual pattern that each filter is meant to respond to. This can be 
done with gradient ascent in input space: applying gradient descent to 
the value of the input image of a convnet so as to maximize the response 
of a specific filter, starting from a blank input image. The resulting input 
image will be one that the chosen filter is maximally responsive to.
The process is simple: you’ll build a loss function that maximizes the 
value of a given filter in a given convolution layer, and then you’ll use 
stochastic gradient descent to adjust the values of the input image so as 
to maximize this activation value. For instance, here’s a loss for the 
activation of filter 0 in the layer block3_conv1 of the VGG16 
network, pretrained on ImageNet.

Listing 5.32 Defining the loss tensor for filter visualization

from keras.applications import VGG16

from keras import backend as K

model = VGG16(weights='imagenet',include_top=False)

layer_name = 'block3_conv1'

filter_index = 0

layer_output = model.get_layer(layer_name).output

loss = K.mean(layer_output[:, :, :, filter_index])

To implement gradient descent, you’ll need the gradient of this loss with 
respect to the model’s input. To do this, you’ll use the gradients 
function packaged with the backend module of Keras.

Listing 5.33 Obtaining the gradient of the loss with regard to the
input
grads = K.gradients(loss, model.input)[0]

The call to gradients returns a list of
tensors (of size 1 in this case). Hence,
you keep only the first element— which
is a tensor.

gradient-descent process go smoothly is to normalize
the gradient tensor by dividing it by its L2 norm

Listing 5.34 Gradient-normalization trick

grads /= (K.sqrt(K.mean(K.square(grads))) + 1e-5)

Add 1e–5 before dividing
to avoid accidentally
dividing by 0.

Listing 5.35 Fetching Numpy output values given Numpy input 
values

Now you need a way to compute the value of the loss tensor and the gradient tensor,
given an input image. You can define a Keras backend function to do this: iterate is a 
function that takes a Numpy tensor and returns a list of two Numpy tensors: the loss value 
and the gradient value.

iterate = K.function([model.input], [loss, grads])

import numpy as np

loss_value, grads_value = iterate([np.zeros((1, 150, 150, 3))])

At this point, you can define a Python loop to do stochastic gradient 
descent.



input_img_data = np.random.random((1, 150, 150, 3)) * 20 + 128.

step = 1.

for i in range(40):

loss_value, grads_value = iterate([input_img_data])

input_img_data += grads_value * step

Listing 5.36 Loss maximization via stochastic gradient descent
Starts from a gray image
with some noise

Magnitude of each gradient update

Adjusts the input image in the
direction that maximizes the loss

Computes the loss valueand gradient value

The resulting image tensor is a floating-point tensor of shape (1, 150, 150, 3), 

with values that may not be integers within [0, 255].

Listing 5.37 Utility function to convert a tensor into a valid image

def deprocess_image(x):

x -= x.mean()

x /= (x.std() + 1e-5)

x *= 0.1

x += 0.5

x = np.clip(x, 0, 1)

x *= 255

x = np.clip(x, 0, 255).astype('uint8')

return x

Normalizes the tensor:
centers on 0, ensures
that std is 0.1

Clips to [0, 1]

Converts to an RGB array



Listing 5.38 Function to generate filter visualizations

def generate_pattern(layer_name, filter_index, size=150):

layer_output = model.get_layer(layer_name).output

loss = K.mean(layer_output[:, :, :, filter_index])

grads = K.gradients(loss, model.input)[0]

grads /= (K.sqrt(K.mean(K.square(grads))) + 1e-5)

iterate = K.function([model.input], [loss, grads])

input_img_data = np.random.random((1, size, size, 3)) * 20 + 128.

step = 1.

for i in range(40):

loss_value, grads_value = iterate([input_img_data])

input_img_data += grads_value * step

img = input_img_data[0]

return deprocess_image(img)

>>> plt.imshow(generate_pattern('block3_conv1', 0))

Builds a loss function that maximizesthe activation 
of the nth filter of the layer under consideration

Computes the gradient of the input picture with regard to this loss

Normalization trick: normalizes the gradient

Returns the loss and grads given the input picture

Starts from a gray image with some noise



Listing 5.39 Generating a grid of all filter response patterns in a layer

layer_name = 'block1_conv1'

size = 64

margin = 5

results = np.zeros((8 * size + 7 * margin, 8 * size + 7 * margin, 3))

for i in range(8):

for j in range(8):

filter_img = generate_pattern(layer_name, i + (j * 8), size=size)

horizontal_start = i * size + i * margin

horizontal_end = horizontal_start + size

vertical_start = j * size + j * margin

vertical_end = vertical_start + size

results[horizontal_start: horizontal_end,

vertical_start: vertical_end, :] = filter_img

plt.figure(figsize=(20, 20))

plt.imshow(results)

The filters in these convnet filter banks get increasingly complex and refined as you go higher in the 
model:
❖ The filters from the first layer in the model (block1_conv1) encode simple directional edges 

and colors (or colored edges, in some cases).
❖ The filters from block2_conv1 encode simple textures made from combinations of edges 

and colors.
❖ The filters in higher layers begin to resemble textures found in natural images: feathers, eyes, 

leaves, and so on.

Empty (black) image
to store results

Iterates over the rows of the results grid

Iterates over the columns of the results grid

Generates the pattern for
filter i + (j * 8) in 
layer_name

Puts the result
in the square
(i, j) of the
results grid

Displays the results grid

Filter patterns for layer block1_conv1 Filter patterns for layer block2_conv1

Filter patterns for layer block3_conv1 Filter patterns for layer block4_conv1



5.4.3 Visualizing heatmaps of class activation

This general category of techniques is called class activation map 
(CAM) visualization, and it consists of producing heatmaps of class 
activation over input images. A class activation heatmap is a 2D grid of 
scores associated with a specific output class, computed
for every location in any input image, indicating how important each 
location is with respect to the class under consideration.

The specific implementation you’ll use is the one described in “Grad-
CAM: Visual Explanations from Deep Networks via Gradient-based 
Localization

It consists of taking the output feature map of a convolution layer, given 
an input image, and weighing every channel in that feature map by the 
gradient of the class with respect to the channel.

Listing 5.40 Loading the VGG16 network with pretrained weights

from keras.applications.vgg16 import VGG16

model = VGG16(weights='imagenet')

Note that you include the densely
connected classifier on top; in all
previous cases, you discarded it.

Let’s convert this image into something the VGG16 model can read: the 
model was trained on images of size 224 × 244, preprocessed according to a 
few rules that are packaged in the utility function
keras.applications.vgg16.preprocess_input. So you need 
to load the image, resize it to 224 × 224, convert it to a Numpy float32 
tensor, and apply these preprocessing rules.



Listing 5.41 Preprocessing an input image for VGG16

from keras.preprocessing import image

from keras.applications.vgg16 import preprocess_input, decode_predictions

import numpy as np

img_path = '/Users/fchollet/Downloads/creative_commons_elephant.jpg’

img = image.load_img(img_path, target_size=(224, 224))

x = image.img_to_array(img)

x = np.expand_dims(x, axis=0)

x = preprocess_input(x)

>>> preds = model.predict(x)

>>> print('Predicted:', decode_predictions(preds, top=3)[0])

Predicted:', [(u'n02504458', u'African_elephant', 0.92546833),

(u'n01871265', u'tusker', 0.070257246),

(u'n02504013', u'Indian_elephant', 0.0042589349)]

You can now run the pretrained network on the image and decode its prediction vector
back to a human-readable format:

The top three classes predicted for this image are as follows:
❖ African elephant (with 92.5% probability)
❖ Tusker (with 7% probability)
❖ Indian elephant (with 0.4% probability)

The network has recognized the image(African elephants). The entry in the prediction vector that was maximally activated 
is the one corresponding to the “African elephant” class, at index 386:

>>> np.argmax(preds[0])

386

Local path to the target image

Python Imaging Library (PIL) image
of size 224 × 224

float32 Numpy array of shape
(224, 224, 3)

Adds a dimension to transform the array
into a batch of size (1, 224, 224, 3)

Preprocesses the batch (this does
channel-wise color normalization)



Listing 5.42 Setting up the Grad-CAM algorithm

african_e66lephant_output = model.output[:, 386]

last_conv_layer = model.get_layer('block5_conv3’)

grads = K.gradients(african_elephant_output, last_conv_layer.output)[0]

pooled_grads = K.mean(grads, axis=(0, 1, 2))

iterate = K.function([model.input], [pooled_grads, last_conv_layer.output[0]])

pooled_grads_value, conv_layer_output_value = iterate([x])

for i in range(512):

conv_layer_output_value[:, :, i] *= pooled_grads_value[i]

heatmap = np.mean(conv_layer_output_value, axis=-1)

“African elephant” entry in the prediction vector

Output feature map of the block5_conv3 layer,
the last convolutional layer in VGG16

Gradient of the “African elephant” class with regard to
the output feature map of block5_conv3

Vector of shape (512,), where each entry is the mean intensity of the gradient
over a specific feature-map channel

Lets you access the values of the quantities you just defined: 
pooled_grads and the output feature map of block5_conv3, 
given a sample image

Values of these two quantities, as
Numpy arrays, given the sample image
of two elephants

The channel-wise mean of the resulting feature map
is the heatmap of the class activation.

Multiplies each channel in the feature-map array
by “how important this channel is” with regard to the “elephant” class

Listing 5.43 Heatmap post-processing

heatmap = np.maximum(heatmap, 0)

heatmap /= np.max(heatmap)

plt.matshow(heatmap)



Listing 5.44 Superimposing the heatmap with the original 
picture

import cv2

img = cv2.imread(img_path)

heatmap = cv2.resize(heatmap, (img.shape[1], img.shape[0]))

heatmap = np.uint8(255 * heatmap)

heatmap = cv2.applyColorMap(heatmap, cv2.COLORMAP_JET)

superimposed_img = heatmap * 0.4 + img

cv2.imwrite('/Users/fchollet/Downloads/elephant_cam.jpg', superimposed_img)

Uses cv2 to load the
original image

Resizes the heatmap to be the same size as the
original image

Converts the
heatmap to RGB

Applies the heatmap to the
original image

0.4 here is a heatmap
intensity factor.

Saves the image to disk

Superimposing the class activation heatmap on the original picture

This visualization technique answers two important questions:
❖ Why did the network think this image contained an African 

elephant?
❖ Where is the African elephant located in the picture?
In particular, it’s interesting to note that the ears of the elephant calf 
are strongly activated: this is probably how the network can tell the 
difference between African and Indian elephants.


