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Deep Learning

• Allows models to learn 
representations of data with 
multiple levels of abstraction 

• Discovers intricate structure in 
large data sets (Patterns)

• Dramatically improved the 
state-of-the-art in speech 
recognition, visual object 
recognition, object detection, ... 

Deep learning. In: Nature 521.7553 (May 2015). Yann LeCun et al. 



Deep Learning

•Supervised Learning
• Training data is labeled

• Goal is correctly label new data

• Reinforcement Learning
• Training data is unlabeled

• System receives feedback for its actions

• Goal is to perform better actions
• Unsupervised Learning

• Training data is unlabeled

• Goal is to categorize the observations 

Source: Nvidia Research



Deep Learning

ImageNet classification. (Source: Alex Krizhevsky et al.)

Object detection and classification. (Source: 
Shaoqing Ren et al.)



Deep Learning

Image Colorization. (Source: Richard Zhang et al.)

Images captioning. (Source: Andrej Karpathy et al.)



Neural Networks

• Set of neurons
• Each neuron contains an activation 
function

• Different topologies

• The connections are the inputs 
and outputs of the functions

• Each connection has a weight and 
bias



Neural Networks

Simple example. (Source: Adam Geitgey)



Neural Networks



Neural Networks

Source: Nvidia Research



Neurons

• Inputs:
• Outputs from other neurons
• Input data

• Each input has a different weight
• One output
• Different activation functions



Neurons

• Inputs:
• Outputs from other neurons
• Input data

• Each input has a different weight
• One output
• Different activation functions



Activation functions

• Linear functions
• Identity

• Non-linear functions



Activation functions

Source: Learn OpenCV

• Linear functions
• Non-linear functions



Activation functions
Softmax

Source: Stanford Deep Learning



Activation functions

Linear Non - Linear

Source: Stanford cs231n



Loss function

9

Source: Stanford cs231n



Loss function

9

wrong 
prediction!!

Source: Stanford cs231n



Loss function

9

wrong 
prediction!!

Source: Stanford cs231n

loss_function(target, output)   → loss_function(8, 9)



Loss function

9

wrong 
prediction!!

• Cross - entropy
• Mean squared error
• Binary Cross - entropy

Source: Stanford cs231n

loss_function(target, output)   → loss_function(8, 9)



Loss function

9

wrong 
prediction!!

• Cross - entropy
• Mean squared error
• Binary Cross - entropy

Minimize it!

loss_function(target, output)   → loss_function(8, 9)

Source: Stanford cs231n



Optimization functions

• Adagrad
• Adadelta
• Gradient descent 

Source: Vasilis Vryniotis



Inputs

• Input layer 2D



Inputs

• Input layer 1D



Inputs

• Input layer 3D



Layers

• Fully connected | Dense



Layers

• Flatten



Layers

• Convolution (3D)



Layers

• Convolution (3D)

Source: S. Lazebnik



Layers

• Filters

Source: Wikipedia



Layers

• Downsampling | Max pooling

Source: Stanford cs231n



Layers



Train

• Batching
• The network can not be trained with all data at once
• The data is divided in batches
• Update the loss and the accuracy for each step/batch



Train

• Batching
• The network can not be trained with all data at once
• The data is divided in batches
• Update the loss and the accuracy for each step/batch

Also allows distributed training!

Source: TensorFlow



Train

• Hyperparameters
• Batch size
• Epochs
• Learning rate
• Loss function
• Regularization
• ...



Train

• Data
• Training set
• Validation set
• Test set



Train

• Data
• Training set
• Validation set → For hyperparameter tuning 
• Test set → Test model performance



Train

• Pipeline

Data Preprocess P. Data Neural Network Output

Target

Loss

Optimize

Train Dataset Batch

B
atch



Train

• Pipeline
• After epoch

Data Preprocess P. Data Neural Network Output

Target

Loss

Val Dataset Batch

B
atch

AccHyperparameter 
tuning



Let’s play

http://playground.tensorflow.org

http://playground.tensorflow.org


Network example

Source: clarifai



Network example
model.add(Conv2D(20, (5, 5), input_shape=(28, 28, 3),

activation="relu", padding="same"))

model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2)))

model.add(Conv2D(50, (5, 5), activation="relu", padding="same"))

model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2)))

model.add(Flatten())

model.add(Dense(500, activation="relu"))

model.add(Dense(10, activation="softmax"))



Inference example
Using docker, run:

docker pull jorditorresbcn/dl

docker run -it -p 8888:8888 jorditorresbcn/dl

wget https://raw.githubusercontent.com/jorditorresBCN/dlaimet/master/keras/Inference.ipynb

jupyter notebook --allow-root --ip=0.0.0.0



Inference example



Networks

• LeNet (1990) - Yann Lecun

• AlexNet (2012) - Alex Krizhevsky et al.

• GoogLeNet (2014) - Christian Szegedy et al.
• Inception V2 (2015)
• Inception V3 (2015)

• VGG (2014) - Karen Simonyan et al.

• ResNet (2015) - Kaiming He et al.
• Inception (v4)-ResNet (2016)

• MobileNet (2017) - Andrew G. Howard et al.
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Other Networks

• Recurrent Neural Networks (RNN)

Source: Christopher Olah



Other Networks

• Generative Adversarial Networks (GAN)

Source: Nvidia research



Other Networks

• Generative Adversarial Networks (GAN)

Source: Yunjey Choi
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