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1. Convolutional Neural Networks



Convolutional Neural Networks (CNNs/ConvNets)

• Convolution: a specialized type of linear operation

• CNNs: a specialized type of neural network using the convolution 
(instead of general matrix multiplication) in at least one of its layers

• CNNs are biologically-inspired to emulate the animal visual cortex



Biological Motivation and Connections

The dendrites in biological neurons perform complex nonlinear computations. 

The synapses are not just a single weight, they’re a complex non-linear system.

The activation function takes the decision of whether or not to pass the signal.



Activation Functions: Sigmoid/Logistic and Tanh

• (-) Gradients at tails are almost zero (vanishing gradients)

• (-) Outputs (y-axis) are not zero-centered for Sigmoid/Logistic

• (-) Computationally expensive 



Rectified Linear Unit (ReLU)

• (+) Accelerate the convergence of SGD compared to sigmoid/tanh

• (+) Easy to implement by simply thresholding at zero

• First introduced by Hahnloser et al. 

(Nature, 2000) with strong biological 

motivations and mathematical justifications

• First demonstrated in 2011 to enable 

better training of deeper neural networks

• The most popular activation as of 2018.



ILSVRC Milestones

• LeNet-5 (1998): 7 layers, 60k parameters 

(4 main operations: convolution, nonlinearity, pooling, FC Layer)

• AlexNet (2012): 16.4% top-5 error rate, 8 layers, 60m parameters

• VGGNet (2014): 7.3% top-5 error rate, 16 layers, 138m parameters

• GoogLeNet (2014): 6.7% top-5 error rate, 22 layers, 5m parameters

• ResNet (2015): 3.57% top-5 error rate, 152 layers



Applications
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Application: Predicting Poverty

From left to right: urban areas, nonurban areas, water, and roads Jean et al. (Science, 2016)



Application: Predicting Poverty (Cont’d)

Preidcting Multidimensional Poverty Index (MPI) for Senegal

Pokhriyal and Jacques (PNAS, 2017)



Application: Galaxy Morphology Prediction

Dieleman, Willett & Dambre (2015)

Kaggle Galaxy Challenge

Training: 61578 galaxies

Testing: 79975 galaxies



Application: Galaxy Morphology Prediction (Cont’d)

Dieleman, Willett & Dambre (2015)



Architecture

• CNNs are usually built by stacking the following types of layers

• Convolutional Layer (CONV)

• Pooling Layer (POOL)

• RELU Layer will apply an

elementwise activation 

function such as ReLU

• Fully-Connected Layer (FC)

• Normalization Layer

• CONV/FC have parameters

• CONV/FC/POOL have hyperparameters



LeNet-5 (LeCun et al., 1998)



AlexNet (Krizhevsky et al., 2012)



Convolutional Layer

• The core building block (it does most of the computational heavy lifting)

• Require 4 hyperparameters (K filters, F width, S stride, P zero padding)

• Accept a volume of size W x H x D

• Produce a volume of size (W-F+2P)/S+1 x (H-F+2P)/S+1 x K

• Include a total of FxFxDxK weights and K biases for K filters

• Next, we will focus on two important ideas in CONV Layer

• Sparse Connectivity

• Shared Parameters



The Convolution Operation



The Convolution Operation (Cont’d)



Traditional vs Convolutional Neural Networks



Sparse Connectivity

• CNNs exploit the spatially-local correlation by enforcing a local 
connectivity pattern between neurons of adjacent layers.

• The learnt “filters” produce the strongest response to a spatially 
local input pattern. However, stacking many such layers leads to 
(non-linear) “filters” that is increasingly “global” (to a larger width).



Sparse Connectivity (Cont’d)



Sparse Connectivity (Cont’d)

x

-1 0 1
-1 0 1
-1 0 1

=        

elementwise multiplication and sum of a filter and the signal (image)



Shared Parameters

• Parameter sharing scheme is used in Convolutional Layers to 
control the number of parameters.

• Each filter is replicated to share the same parameterization (weight 
vector and bias) and form a feature map.

• It only introduces a total of FxFxD weights and 1 bias per filter.



Share the same parameters across different 
locations (assuming input is stationary):
Convolutions with learned kernels

Shared Parameters (Cont’d)



Efficiency of Convolution for Edge Detection



Pooling Layer

• The function of POOL is to progressively reduce the spatial size of 
the representation, which helps reduce the amount of parameters 
and computation in CNNs, and hence to also control overfitting.

• Examples of pooling functions

• MaxPooling

• AveragePooling

• L2-NormPooling

• MaxPooling partitions the input into non-overlapping rectangles 
and, for each such sub-region, outputs the maximum value only.



MaxPooling

• It is another important concept of CNNs

• It is a form of non-linear down-sampling.

• By eliminating non-maximal values, it reduces computation for 
upper layers.

• Also, it provides a form of translation invariance. The translation 
invariance is important when we care about whether a feature is 
present rather than exactly where it is. 

• For example, we just need to know that an eye is present in a region (not 
its exact location) when detecting a face.  



MaxPooling Introduces Invariance to Translation



Effect of Pooling after ReLU



Now: non-linearity, dimension reduction, translation invariance

The 2nd CONV layer performs convolution on the output of the 1st POOL Layer using six filters to 
produce a total of six feature maps. ReLU is then applied on all of these six feature maps. We 
then perform Max Pooling operation separately on each of the six rectified feature maps.



A Deep Classification Network



Fully Connected Layer

• “Fully Connected” implies that every neuron in the previous layer is 
connected to every neuron on the next layer, as in regular NNs.

• CONV layers provide a meaningful, low-dimensional, and invariant 
feature space. FC layer learns a (non-linear) function in the space



Training CNNs



Optimization: Stochastic Gradient Descent (SGD)

• Once the analytic gradient is computed with backpropagation, the 
gradients are used to perform a parameter update.

• SGD: follow the negative gradient of the objective using a few data

• Motivation: 

• often in practice computing the cost and gradient for the entire 
training set can be very slow and sometimes intractable

• give an easy way to incorporate new data in an ‘online’ setting

• SGD overcomes the high cost of running back propagation over the 
full training set, and it still leads to fast convergence for CNNs.



SGD + Momentum
• Momentum is one method for pushing the objective more quickly 

along the shallow ravine. When the gradient keeps changing its 
direction, the momentum will smooth out the variations.

• With Momentum update, the parameter vector will build up velocity 
in any direction that has consistent gradient.



SGD + Momentum (Cont’d)



2. Deep Learning Software



Neural Network Frameworks

• Low level frameworks/libraries
• TensorFlow (Python, wrappers): https://www.tensorflow.org/
• Theano (Python): http://www.deeplearning.net/software/theano/
• pyTorch (Python, based on Torch): https://pytorch.org/
• Torch (Lua): http://torch.ch/
• Caffe (C++):  http://caffe.berkeleyvision.org/
• DeepLearning4J (Java):  https://deeplearning4j.org/

• High level frameworks/APIS
• Keras: https://keras.io/
• TheanoNets: http://theanets.readthedocs.io/en/stable/
• Chainer: https://chainer.org/
• Lasagne: https://lasagne.readthedocs.io/en/latest/

https://www.tensorflow.org/
http://www.deeplearning.net/software/theano/
https://pytorch.org/
http://torch.ch/
http://caffe.berkeleyvision.org/
https://deeplearning4j.org/
https://keras.io/
http://theanets.readthedocs.io/en/stable/
https://chainer.org/
https://lasagne.readthedocs.io/en/latest/


Neural Network Frameworks (Cont’d)

• Caffe (UC Berkeley)  Caffe2 (Facebook)

• Torch (NYU/Facebook)  PyTorch (Facebook)

• Theano (U Montreal)  TensorFlow (Google)

• Paddle (Baidu)

• CNTK (Microsoft)

• MXNet (Amazon, main framework of choice at AWS)



TensorFlow/Theano vs. Scikit-learn

• Scikit-learn (http://scikit-learn.org/stable/)
• Machine Learning in Python
• Models already built, “off-the-shelf”’
• Paradigm: fit/ predict style

• TensorFlow/Theano
• Build model from ground up
• Paradigm: Describe model in form of a “data-graph”
• Operators/functions (like add, max, etc.) 
• APIs like Keras play nicely with these frameworks (abstraction)

• Advantages
• Cross platform: Android, Linux, etc.
• Quick turn around to production
• Efficient computation utilizing CPUs & GPUs

http://scikit-learn.org/stable/


Theano: Overview



How does it work?



Theano: Pros and Cons



TensorFlow: Overview

• Open source software library from Google for machine learning

• Especially good for training and implementing deep neural networks

• Example applications include image recognition, automated 
translation. Think Google Photos, Translate

• Used in production at Uber, SnapChat, Google, & many others



How does TensorFlow work?

• Uses data flow graphs to represent a learning model

• Comprise of nodes and edges

• Nodes represent mathematical operations

• Edges represent multi-dimensional data arrays (tensors)

• “TensorFlow”

• C based with Python and C++ APIs



Computation as a Dataflow Graph



Dataflow Graph Paradigm



Numpy vs. TensorFlow



TensorFlow: Pros and Cons



Keras: Overview



Keras: Pros and Cons

Great to use, especially if you are just 

starting out and trying to learn!
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3. TensorFlow Demos

Amal Agarwal

Penn State Department of Statistics

https://www.amalag.com



TensorFlow Demos

• Installing TensorFlow

• https://www.tensorflow.org/install/

• Neural Network Playground

• https://playground.tensorflow.org/

• Demo 1: Linear Regression

• Demo 2: Two-Layer Neural Network

• Demo 3: MNIST database using One-Layer Neural Network

• Demo 4: MINIST database using Convolutional Neural Network


