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Outline
• Convolutional neural networks
– Max pooling
– Estimating parameters 

• Architectures for convolutional networks
• Lab in Keras on convolutional networks
• Representing Boolean functions
• Regularization
• Transfer learning
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Convolutional Nets

• Particular type of Feed-Forward Neural Nets 
– Invented by [LeCun 89]

• Applicable to data with natural grid topology
– Time series
– Images 

• Use convolutions on at least one layer
– Convolution is a linear operation that uses local 

information 
– Also use pooling operation
– Used for dimensionality reduction and learning 

hierarchical feature representations
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Convolutional Nets
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Convolution Layer
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Summary: Convolution Layer
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Convolution layer: Takeaways

• Convolution is a linear operation
– Reduces parameter space of Feed-Forward Neural 

Network considerably
– Capture locality of pixels in images
– Smaller filters need less parameters
– Multiple filters in each layer (computation can be 

done in parallel)
• Convolutions are followed by activation 

functions
– Typically ReLU
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Pooling layer
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Max Pooling
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Convolutional Nets
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• FC layers are usually at the end, after several 
Convolutions and Pooling layers



LeNet 5
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History
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LeNet (left) and AlexNet (right)
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Main differences
• Deeper
• Wider layers
• ReLU activation
• More classes in output layer
• Max Pooling instead of Avg 

Pooling



VGGNet
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138 million 
parameters



Lab: Load Data

15

Matrix 
form



Model Architecture
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Model Summary
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Results
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Summary CNNs
• Convolutional Nets are Feed-Forward Networks with at 

least one convolution layer and optionally max pooling 
layers

• Convolutions enable dimensionality reduction, are 
translation invariant and exploit locality

• Much fewer parameters relative to Feed-Forward Neural 
Networks
– Deeper networks with multiple small filters at each layer is a 

trend
• Fully connected layer at the end (fewer parameters)
• Learn hierarchical feature representations

– Data with natural grid topology (images, maps)
• Reached human-level performance in ImageNet in 2014
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Overfitting
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• The larger the network, the higher the capacity 
(more model parameters)

• But also more prone to overfitting!



Regularization
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Weight decay

• When computing gradients of loss function, regularization 
term needs to be taken into account



Dropout
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• Regularization technique that has proven very 
effective for deep learning

• Srivastava et al. Dropout: A Simple Way to Prevent 
Neural Networks from Overfitting. Journal of Machine 
Learning Research 15,  2014



Dropout
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• At training time, sample a sub-network per epoch 
(batch) and learn weights
• Keep each neuron with probability p

• At testing time, all neurons are there, but multiply 
weight by a factor of p



Dropout Implementation
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Dropout 
regularization



Results on MNIST
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