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Convolutional Learning
• Convolutional neural networks (CNNs) represent one of  the early (and lasting) success 

stories of  deep learning. 

• CNNs are designed to work with grid-structured inputs, which have strong spatial 

dependences in local regions of  the grid (e.g. 2D images). 

• Features in CNNs exploit this spatial dependencies; as such, the vast majority 

applications of  CNNs focus on image data. CNNs process tensor data (e.g., images with 

RGB channels, sets of  images for video processing ). 
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• Convolutional neural networks (CNNs) represent one of  the early (and lasting) success 

stories of  deep learning. 

• CNNs are designed to work with grid-structured inputs, which have strong spatial 

dependences in local regions of  the grid (e.g. 2D images). 

• Features in CNNs exploit this spatial dependencies; as such, the vast majority 

applications of  CNNs focus on image data. CNNs process tensor data (e.g., images with 

RGB channels, sets of  images for video processing ). 

At their core, CNNs leverage several key design-related advantages: 

(1) The compositional structure of  high-capacity deep networks for automated, hierarchical feature 

learning. 

(2) Parameter sharing (for relatively compact model design)

(3) Learning of  translation invariance 



Convolutional Learning
• Early motivation for the development of  CNNs was spurred in large part from the Hubel 

and Wiesel experiments, which demonstrated the existence of  “specialized” cells sensitive 

to specific low-level visual features (e.g., edge orientation); moreover, these cells are arranged 

topographically so that nearby cells process information from nearby visual fields. 



Convolutional Learning
• Early motivation for the development of  CNNs was spurred in large part from the Hubel 

and Wiesel experiments, which demonstrated the existence of  “specialized” cells sensitive 

to specific low-level visual features (e.g., edge orientation); moreover, these cells are arranged 

topographically so that nearby cells process information from nearby visual fields. 

• In addition, the notion of  “cortical localization” theory, attention and neural processing 

in relation to the fovea, research in hierarchical brain functioning, and the notion of  

Hebbian plasticity have all had a profound influence on the development of  DL models, 

particularly CNNs in recent years. 

https://arxiv.org/abs/1004.3153



Convolutional Learning
• In biological brains, simple cells are connected in a layered architecture, and this discovery 

led to the conjecture that mammals use these different layers to construct portions of  images 

at different levels of  abstraction. 

• From an ML perspective, this is akin to hierarchical feature extraction. 



Convolutional Learning
• In biological brains, simple cells are connected in a layered architecture, and this discovery 

led to the conjecture that mammals use these different layers to construct portions of  images 

at different levels of  abstraction. 

• From an ML perspective, this is akin to hierarchical feature extraction. 

• One of  the earliest precursors to the modern CNN was the neocognitron (Fukushima, 

1980), which was directly inspired by the Hubel and Wiesel experiments. 

• The neocognitron consisted of  two types of  cells: s-cells (simple cells), learnable parameters 

for low-level feature extraction and c-cells (complex cells) that collate information from s-

cells using a pooling operation. Notably, parameter sharing was not utilized; in addition, 

neocognitrons are typically trained using a self-organization workflow (not with 

backpropagation). 



Convolutional Learning
• One of  the seminal developments in the history of  CNNs directly inspired by the 

neocognitron was the introduction of  LeNet (1989) by Yann LeCun (2018 Turing Award). 

• LeNet is a feed-forward CNN trained with backpropagation; many of  the structural aspects 

(use of  maxpooling, dense layers, backpropagation, etc.) of  LeNet have since become 

canonized in the field. 

• Notably, LeNet makes use of  parameter sharing; LeCun demonstrated that minimizing the 

number of  free parameters in a NN could improve its generalizability (a form of  

regularization).  



Convolutional Learning
• Even throughout much of  the 1980s, a reliable solution to automated handwriting recognition 

was thought to be perhaps decades away! 

• A prototype of  LeNet was used by the US Postal Service to automate the reading of  

handwritten zip codes on letters. This is regarded as one of  the first successful real-world 

applications of  NNs in history. 



The Power of  CNNs

Image Classification Image Retrieval 

Object Localization 



The Power of  CNNs

Semantic Segmentation

Robot Control Superhuman Game-Playing



The Power of  CNNs

Object Captioning 

Synthetic Data Generation
thispersondoesnotexist.com



The Power of  CNNs

Object Captioning 

Scene Classification & Scene Understanding



The Power of  CNNs

Self-Driving

Medical Imaging Applications



The Power of  CNNs

3D Scene Reconstruction & Scene Synthesis 

Automation



The Power of  CNNs

Video Interpolation & Upsampling

Video Game-Playing / Engineering



The Power of  CNNs

http://nvidia-research-mingyuliu.com/gaugan

Computational Creativity



CV Datasets 
•A factor that has played an important role in increasing the prominence of  CNNs has been the annual 

ImageNet competition (ImageNet Large Scale Visual Recognition Challenge, ILSVRC)

• Fei-Fei Li (Stanford) began working on the idea of  ImageNet as early as 2006, when most in the field 

were focused on modeling and algorithm innovations. Labelling for ImageNet is primarily crowd sourced 

though mechanical turk. 

• Today ImageNet (http://www.image-net.org/) contains ~14 million images 

in over 20k categories. 

Other notable CV-related datasets: 
• MNIST (benchmarking dataset; handwritten digits) https://deepai.org/dataset/mnist

• Fashion MNIST (benchmarking; 10 class grayscale images) https://github.com/zalandoresearch/fashion-mnist

• CIFAR-10, CIFAR-100 (benchmarking, classification) https://www.cs.toronto.edu/~kriz/cifar.html

• MS COCO (semantic segmentation, captions, keypoints) https://cocodataset.org/

• PASCAL VOC (classification) http://host.robots.ox.ac.uk/pascal/VOC/

• CelebA (facial features, GANs) http://mmlab.ie.cuhk.edu.hk/projects/CelebA.html

• Cityscapes dataset (automation, stereo, semantic segmentation) https://www.cityscapes-dataset.com/

• DAVIS (high resolution video segmentation) https://davischallenge.org/

*all datasets open-source 

http://www.image-net.org/
https://deepai.org/dataset/mnist
https://github.com/zalandoresearch/fashion-mnist
https://www.cs.toronto.edu/~kriz/cifar.html
https://cocodataset.org/
http://host.robots.ox.ac.uk/pascal/VOC/
http://mmlab.ie.cuhk.edu.hk/projects/CelebA.html
https://www.cityscapes-dataset.com/
https://davischallenge.org/


Structures of  CNNs
• In CNNs, the states in each layer are arranged according to a spatial grid structure. 

These spatial relationships are inherited from one layer to the next; as each feature value is 

based on small spatial relationships among the grid cells. 

• Notice that spatial relationships are maintained layer by layer as the network processes 

input data (at least by conventional CNNs); this is a defining feature of  CNNs and essential 

to most CV-related tasks. 



Structures of  CNNs
• In CNNs, the states in each layer are arranged according to a spatial grid structure. 

These spatial relationships are inherited from one layer to the next; as each feature value is 

based on small spatial relationships among the grid cells. 

• Notice that spatial relationships are maintained layer by layer as the network processes 

input data (at least by conventional CNNs); this is a defining feature of  CNNs and essential 

to most CV-related tasks. 

• CNNs commonly consist of  three types of  layers: convolution, pooling (also: pooling), and fully-

connected (also called dense) layers.  Each convolutional layer in a CNN is a 3D grid 

structure, which has a height, width, and depth. 

Input image 
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• The defining feature of  a CNN is the convolutional layer wherein a sparse (due to 

parameter sharing) convolution operation is performed between a patch of  the layer 

input and a convolution filter; this convolution operation is repeated for many patches over 

the entire layer input. 
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Structures of  CNNs
• The defining feature of  a CNN is the convolutional layer wherein a sparse (due to parameter 

sharing) convolution operation is performed between a patch of  the layer input and a 

convolution filter; this convolution operation is repeated for many patches over the entire layer 

input. 

• The parameters of  a CNN are organized into sets of  3D structural units (filters, also: kernels). 

The filter is usually a small square (e.g. 3x3, 5x5); if  the convolutional layer is of  dimension 32x3x3, 

we say that the depth of  the layer is 32 (i.e., 32 filters), where each filter is of  size 3x3. 

• As discussed previously, convolution is performed via a simple element-wise multiplication of  a 

filter and input image patch. This multiplication yields an activation – a scalar value, indicating the 

degree of  similarity between the patch and the filter – or put another way, the response of  the 

simple cell (filter) to the stimulus. High activation indicates high similarity, etc. 

• Notice that each filter is only locally-connected to a patch; this construct leads to parameter 

savings and furnishes CNNs with translational invariant properties. 



Structures of  CNNs
• Convolution: “slide the filter across the image”, performing an element-wise multiplication at 

each spatial location. The step-size when we “slide” the filter is called the stride; if  we slide one 

step at a time when convolving the filter and image, then stride = 1.  



Structures of  CNNs
• Convolution: “slide the filter across the image”, performing an element-wise multiplication at 

each spatial location. The step-size when we “slide” the filter is called the stride; if  we slide one 

step at a time when convolving the filter and image, then stride = 1.  

• In the example above, the input is of  dimension 7x7 and the filter is of  dimension 3x3, and 

stride = 1. Notice that convolution results in a matrix of  output activations of  dimension 5x5. 

• The following formula can be used to calculate the output (assumed square of  dimension: 𝑂 × 𝑂) 

dimension when we convolve an input image (𝐼 × 𝐼) with a filter of  size (𝐾 × 𝐾); typically, is 𝐾 is 

odd:

Confirming, we get: 
7−3

1
+ 1 = 5.
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Structures of  CNNs
•More formally, suppose that the 𝒑th filter in the 𝒒th layer of  a CNN has parameters denoted by 

the 3D tensor 𝑊(𝑝,𝑞) = 𝑊𝑖𝑗𝑘
𝑝,𝑞

. The feature maps in the 𝒒th layer are represented by the 3D 

tensor 𝐻(𝑞) = ℎ𝑖𝑗𝑘
𝑞

(for instance 𝐻(1) represents the network input). 



Structures of  CNNs
•More formally, suppose that the 𝑝th filter in the 𝑞th layer of  a CNN has parameters denoted by 

the 3D tensor 𝑊(𝑝,𝑞) = 𝑊𝑖𝑗𝑘
𝑝,𝑞

. The feature maps in the 𝑞th layer are represented by the 3D 

tensor 𝐻(𝑞) = ℎ𝑖𝑗𝑘
𝑞

(for instance 𝐻(1) represents the network input). 

Then, the convolutional operations from the 𝑞th layer to the (𝑞 + 1)th layer are defined as follows: 

where the filter is of  dimension 𝐾 × 𝐾, and the filter depth is given by 𝐾𝑑. 

*Check that you understand this notation – it is simply a mathematical formalization of  

convolution, i.e., the summing of  element-wise multiplication between a filter and feature map. 
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Structures of  CNNs
•More formally, suppose that the pth filter in the qth layer of  a CNN has parameters denoted by 

the 3D tensor 𝑊(𝑝,𝑞) = 𝑊𝑖𝑗𝑘
𝑝,𝑞

. The feature maps in the qth layer are represented by the 3D 

tensor 𝐻(𝑞) = ℎ𝑖𝑗𝑘
𝑞

(for instance 𝐻(1) represents the network input). 

Then, the convolutional operations from the qth layer to the (q+1)th layer are defined as follows: 

From the previous example: 
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Structures of  CNNs
Receptive Field of  a Filter 

• A convolution in the 𝑞th layer increases the receptive field of  a feature from the 𝑞th layer to the 

(𝑞 + 1)th layer. As such, each feature in the next layer captures a larger spatial region in the input 

layer. 

• For instance, when using a 3 × 3 filter convolution successively in three layers, the activation in 

the first, second, and third hidden layers capture pixel regions of  size 3 × 3, 5 × 5, and 7 ×7, 

respectively in the original input image. 



Structures of  CNNs
Receptive Field of  a Filter 

• A convolution in the 𝑞th layer increases the receptive field of  a feature from the 𝑞th layer to the 

(𝑞 + 1)th layer. As such, each feature in the next layer captures a larger spatial region in the input 

layer. 

• For instance, when using a 3 × 3 filter convolution successively in three layers, the activation in 

the first, second, and third hidden layers capture pixel regions of  size 3 × 3, 5 × 5, and 7 ×7, 

respectively in the original input image. 

• Recall that later layers in the CNN capture complex characteristics of  the image over larger spatial 

regions. Other operations (e.g., dilated convolution) can also increase the receptive fields further. 



Structures of  CNNs
Padding

• In the previous examples, the convolution operation reduces the dimension of  the feature map 

from one layer to the next (7 × 7 to 5 × 5); this is usually undesirable as we lose information along 

the periphery of  the feature map.  

• Conversely, we usually wish to maintain the feature layer sizes from one layer to the next when 

performing convolution. This is achieved simply by adding “padding” along the outside of  an 

image/feature map. 



Structures of  CNNs
Padding

• In the previous examples, the convolution operation reduces the dimension of  the feature map 

from one layer to the next (7 × 7 to 5 × 5); this is usually undesirable as we lose information along 

the periphery of  the feature map.  

• Conversely, we usually wish to maintain the feature layer sizes from one layer to the next when 

performing convolution. This is achieved simply by adding “padding” along the outside of  an 

image/feature map. 

• In padding, one conventionally adds 
𝐾−1

2
pixels all around the borders of  the feature map in order 

to maintain the spatial footprint (e.g., if  𝐾 = 3, padding =
3−1

2
= 1).



Structures of  CNNs
Strides 

• As mentioned, the stride is equivalent to the “step-size” as we slide the filter across the previous layer feature 

map. When stride = 1, for example, we “step” one pixel at a time. 

• As we increase the stride, we reduce the level of  granularity of  the convolution, which in turn can directly 

reduce the spatial footprint of  the filter. Larger strides can be helpful in memory-constrained settings or to 

reduce overfitting.



Structures of  CNNs
Strides 

• As mentioned, the stride is equivalent to the “step-size” as we slide the filter across the previous layer feature 

map. When stride = 1, for example, we “step” one pixel at a time. 

• As we increase the stride, we reduce the level of  granularity of  the convolution, which in turn can directly 

reduce the spatial footprint of  the filter. Larger strides can be helpful in memory-constrained settings or to 

reduce overfitting.

In summary: large strides increase the receptive field of  each feature in the hidden layer, while reducing the 

spatial footprint (see animations). 

stride=2, padding =1stride=1, padding =1



Structures of  CNNs
Strides 

• As mentioned, the stride is equivalent to the “step-size” as we slide the filter across the previous layer feature 

map. When stride = 1, for example, we “step” one pixel at a time. 

• As we increase the stride, we reduce the level of  granularity of  the convolution, which in turn can directly 

reduce the spatial footprint of  the filter. Larger strides can be helpful in memory-constrained settings or to 

reduce overfitting.

Bias 

• As with all NNs, one conventionally makes use of  a bias parameter in each layer to improve the overall 

expressivity of  the model. With CNNs, a bias is (conventionally) included for each filter. So, the pth filter in the 

𝑞th layer will have a bias, denoted:  𝑏 𝑝,𝑞 . The (𝑞 + 1)th layer activation (including bias calculation) is given by: 

where the dot product above connotes a “matrix dot product” (i.e., elementwise product). As the bias is only a 

scalar value, the model biases generally present a small parameter overhead in relation to the entire network. 

stride=2, padding =1stride=1, padding =1
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Structures of  CNNs
• Here is an example using a set of  3D filters (one for each RGB channel), with biases included. In 

this case, each weight is convolved with an image patch – per channel. The sum of  these features 

(the result of  convolution) are added together, along with the bias to generate the output.  

*Check to see that you can follow this example. 



Structures of  CNNs
Pooling

• The pooling operation reduces the dimension of  the activation map in a CNN layer; oftentimes, 

pooling follows a sequence of  several consecutive convolutional layers in a CNN. Pooling preserves 

the depth of  the current network layer. 



Structures of  CNNs
Pooling

• The pooling operation reduces the dimension of  the activation map in a CNN layer; oftentimes, 

pooling follows a sequence of  several consecutive convolutional layers in a CNN. Pooling preserves 

the depth of  the current network layer. 

• Pooling represents a form of  compute and memory overhead reduction – at the cost of  losing 

useful structural information about the input image. *For this reason, pooling is today considered 

somewhat controversial amongst researchers. Pooling is akin to sampling an activation map, and 

often analogized as the c-cells in the visual cortex.

*See Hinton’s talk on “What is wrong with CNNs”: https://www.youtube.com/watch?v=Jv1VDdI4vy4



Structures of  CNNs
Pooling

• Pooling is performed on an activation map; pooling operations have an associated stride parameter 

(default: stride = 1) and a width parameter (𝑝𝑤). Pooling adds no additional tunable parameters to a 

model (stride and width are fixed for training/inference). 



Structures of  CNNs
Pooling

• Pooling is performed on an activation map; pooling operations have an associated stride parameter 

(default: stride = 1) and a width parameter (𝑝𝑤). Pooling adds no additional tunable parameters to a 

model (stride and width are fixed for training/inference). 

• The most common forms of  pooling include (1) maxpooling and (2) average pooling. With 

maxpooling, we simply return the maximum activation within a sub-window of  dimension 𝑝𝑤 × 𝑝𝑤; 

for average pooling, we return the average activation within the sub-window. 

• Intuitively, pooling can be thought of  as a means to propagate prominent visual features (i.e. high 

activations) through the network while saving memory/compute.

2 × 2 maxpooling, stride= 2



Structures of  CNNs
Fully Connected (Dense) Layers

• Conventionally, the last layer(s) of  a CNN consist of  fully-connected (FC) layers. These layers 

function exactly as in a traditional feed-forward network. Commonly, the activation of  the last 

convolutional layer in a CNN is “flattened”; this flattened vector serves as input to the first FC layer in



Structures of  CNNs
Fully Connected (Dense) Layers

• Conventionally, the last layer(s) of  a CNN consist of  fully-connected (FC) layers. These layers 

function exactly as in a traditional feed-forward network. Commonly, the activation of  the last 

convolutional layer in a CNN is “flattened”; this flattened vector serves as input to the first FC layer in 

the network. 

• FC layers allow the network to collate all of the information provided by the sequence of  

convolutional and pooling layers found in the early layers of  the network. 

• Since the fully-connected layers are densely connected, the vast majority of parameters of  a CNN lie 

in the FC layers. As with conventional NNs, following the FC layer(s) in a CNN, the output layer is 

designed in an application-specific way (i.e. for classification using softmax, segmentation, etc.). 



Batch Normalization
• Batch normalization* (BN) is a standard DL technique used to make training faster and 

more stable through normalization of  the input layer by re-centering and re-scaling layer by 

layer. 



Batch Normalization
• Batch normalization* (BN) is a standard DL technique used to make training faster and 

more stable through normalization of  the input layer by re-centering and re-scaling layer by 

layer. 

• It was initially claimed that BN reduces the instance of  internal covariate shift (this claim 

has since been disputed), where parameter initialization and changes in the distribution of  

inputs of  each layer affect the learning rate of  the network. Some scholars conversely argue 

that BN smooths the objective function of  the network. 

• Despite these debates as to the explicit DL phenomenon alleviated by BN, its effectiveness 

for network training is well established. 

*https://arxiv.org/pdf/1502.03167.pdf



Batch Normalization
• Batch normalization fixes the means and variances of  each layer’s inputs. In tandem with 

stochastic optimization methods, we compute the mean and variance over mini-batches 

(denoted 𝐵) of  size 𝑚. 
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Batch Normalization
• Batch normalization fixes the means and variances of  each layer’s inputs. In tandem with 

stochastic optimization methods, we compute the mean and variance over mini-batches 

(denoted 𝐵) of  size 𝑚. 

• For a layer (𝑘) of  the network with 𝑑-dimensional input, 𝑥 = 𝑥(1), … , 𝑥(𝑑) each 

dimension of  its input is then normalized (i.e., re-centered and re-scaled) separately: 

• Where the transformation above shows the re-center and re-scale transformation; ε> 0
(fixed) is introduced for numerical stability (i.e., avoiding divide by zero). 
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Batch Normalization

• After normalization, the layer inputs will have zero mean and unit variance. Finally, BN 

introduces two (new) trainable parameters per layer, a scale parameter  γ and a shift 

parameter β. 

• These parameters allow for the representation of  the layer input (prior to normalization) to 

be restored – which is to say, we want the transformed distribution of  the input data to be 

more homogeneous – but not necessarily centered at zero with unit variance (in the end). 
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Batch Normalization

• After normalization, the layer inputs will have zero mean and unit variance. Finally, BN 

introduces two (new) trainable parameters per layer, a scale parameter  γ and a shift 

parameter β. 

• These parameters allow for the representation of  the layer input (prior to normalization) to 

be restored – which is to say, we want the transformed distribution of  the input data to be 

more homogeneous – but not necessarily centered at zero with unit variance (in the end). 

• The scale and shift parameters are learned through backpropagation. Note that BN is 

traditionally applied prior to non-linearity layers in a NN (although this convention is also 

debated amongst practitioners).  
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Batch Normalization
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Structures of  CNNs
Putting it all together
• The convolution, pooling, and activation (RELU) layers are typically interleaved in a CNN in order to 

increase the expressive power of  the network. 

• RELU layers often follow the convolutional layers, just as a non-linear activation function typically 

follows the linear dot product in traditional NNs. 

• After two or three sets of  convolutional-RELU combinations, one might (in traditional CNN 

architectures) have a max-pooling layer, etc. Examples of  this basic pattern are as follows: 

       CRCRP CRCRCRP CRCRPCRCRPCRCRPF



Structures of  CNNs
Le-Net-5 (LN5)
• Much of  the preceding discussion regarding architectural conventions for CNNs was inspired by one 

of  the earliest CNNs, Le-Net-5* (designed by Yann LeCun, Bengio). This simple architecture has had a 

profound influence on CNN designs following its introduction in 1998. 

• The input to LN5 is a grayscale image; the network consists of  two convolutional layers, two pooling 

layers and three fully-connected layers (as shown). Notice that 5x5 filters are used in the conv layers and 

2x2 windows for “sub-sampling” (maxpooling); the FC layers have the structure 120-84-10 (number of  

neurons) – where 10 represents the number of  output classes for classification (MNIST). 

• Famously, LN5 was used commercially by banks to automating the reading of  checks. 

*https://ieeexplore.ieee.org/document/726791



Structures of  CNNs
CNN Parameter Counts
• Input Layer: No model parameter contribution. 

• Conv Layers: Notice that technically, a conv layer comprises a 4D tensor of  dimension (I,O,K,K), 

with I denoting the number of  input channels, O the number of  output channels, and the current layer 

filter is of  dimension KxK.  To conceptualize this 4D tensor, one can consider each kernel of  

dimension IxKxK with O such kernels. 

In total, each conv layer therefore contains: 𝐾 ∙ 𝐾 ∙ 𝐼 ∙ 𝑂 + 𝑂 parameters (including a bias for each 

output kernel, indicated by the second term in the sum). 

• Pooling Layers: No model parameter contribution. 

• FC Layers: Assume the input is of  dimension 𝐼 (neurons) and output of  dimension 𝑂. Then, each FC 

layer contributes: 𝐼 ∙ 𝑂 + 𝑂 tunable parameters (including biases) to the CNN. 



Structures of  CNNs
CNN Parameter Counts
• Input Layer: None

• Conv Layers: 𝐾 ∙ 𝐾 ∙ 𝐼 ∙ 𝑂 + 𝑂

• Pooling Layers: None

• FC Layers:  𝐼 ∙ 𝑂 + 𝑂

TF model summary

5 5 1 6 6 156   + =

5 5 6 16 16 2416   + =

120 84 84 10164 + =

(5 5 16) 120 120 48120   + =

84 10 10 850 + =

Total Params : 61,706



Training CNNs
• The conventional process of  training a CNN uses the backpropagation algorithm. There are primarily 

three types of  layers: convolutional, maxpooling and FC layers.

• Notice that FC layers function as dense layers as in a standard FF, and therefore pose no additional 

difficulty for training. In other words, we perform backpropagation through an FC layer just as one 

would with a standard FF NN. 

• For maxpooling, with no overlap between pools, one only needs to identify which unit is the 

maximum value in a pool. The partial derivative of  the loss wrt the pooled state flows back to the unit 

with maximum value; all other entries in the grid are assigned a value of  zero. 



Training CNNs
• To calculate backpropagation through a convolutional layer, we apply a basic intuition: we observe that the 

forward pass through a convolutional layer amounts to a (sparse) linear operation (plus a bias) 

– namely, we convolve the filter with different image patches.

• Using this insight, we can augment the convolution step as a sparse matrix multiplication -- in fact, this 

is how most modern SW libraries perform forward propagation for CNNs.

• As an added benefit, representing convolution operations in this way not only helps to simplify 

backpropagation for CNNs, but it additionally allows for improved efficiency in forward propagation (due 

to matrix operation optimization with GPUs, etc.). 
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Training CNNs
• Using this insight, we can augment the convolution step as a sparse matrix multiplication -- in fact, this 

is how most modern SW libraries perform forward propagation for CNNs. As an added benefit, 

representing convolution operations in this way not only helps to simplify backpropagation for CNNs, but it 

additionally allows for improved efficiency in forward propagation (due to matrix operation optimization 

with GPUs, etc.). 

In more detail*:

(1) Convert the input, denoted 𝑓, into a flat (9D in the example) vector, this yields ҧ𝑓.

(2) Convert the filter (2x2 in the example) into a (2 ∙ 2) × 9 sparse matrix 𝐶 (notice that this matrix 

only contains tunable parameters per the filter of  the CNN). 

(3)  To convolve the input 𝑓 with the filter, perform the matrix multiplication: 𝐶 ҧ𝑓 and reshape. 

*This same process can be generalized to any filter and input. 

2x2 resultant matrix is 

equivalent to convolving the 

original input with filter 



Training CNNs
• With this general procedure to convert convolution operations into sparse matrix multiplication, 

backpropagation through a convolutional layer in a CNN is straightforward. 

• To this end, suppose that ҧ𝑔 represents the flattened gradient vector of  the loss function for our CNN 

(e.g., cross-entropy, MSE, etc.). 

• One can show that backpropagation with respect to the convolutional layer represented by multiplication 

with the sparse matrix 𝐶 (in the forward pass) is equivalent to multiplication by 𝐶𝑇. In short, to execute 

backpropagation through the convolutional layer, we simply compute: 𝐶𝑇 ҧ𝑔.

• More generally, if  the convolutional layer consists of  𝐾𝑑 filters, the gradient with respect to the output 

maps produced by the convolutional layer is given by the sum: σ𝑘=1
𝐾𝑑 𝐶𝑘

𝑇𝑔𝑘.



CNNs: Case Studies  – AlexNet

AlexNet* (2012 ILSVRC winner) 

• AlexNet represents perhaps the most influential CNN architecture in recent 

history; it embodies the first application of  a truly “deep” CNN.

*https://papers.nips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf



CNNs: Case Studies  – AlexNet
AlexNet (2012 ILSVRC winner) 

• Some architectural details: input (ImageNet) is 227x227x3, uses 96 filters of  size 11x11x3 

(considered a large filter size by today’s standards) with stride=4, followed by maxpooling 

(with overlapping). 

• This pattern of  CRPCRP is followed in the subsequent layers; the next block structure 

contains three consecutive convolutional layers followed by pooling. 

• The back-end of  the network consists of  three consecutive FC layers; notice that 94%(!) 

of  the model parameters are contained in the FC layers. 

*Observe the structural similarities cf. Le-Net-5.



CNNs: Case Studies  – AlexNet

AlexNet (2012 ILSVRC winner) 

Notable innovations of  AlexNet

• Sheer size (and depth): ~62M parameters; previous year SOTA top-5 error rate reduced by 

35%.

• Use of  RELU (in place of  tanh which was standard at the time); RELU activation 

subsequently became de facto activation for DL models. 

• Use of  GPUs to accelerate training. In fact, the network was trained on GTX 580 GPU with 

3GB of  RAM, which could not fit the entire network and so it was partitioned across two 

GPUs (see image). 

• Introduction of  Dropout regularization method. 



CNNs: Case Studies – Dropout

• Dropout (Srivastava et al., 2014) provides a computationally inexpensive but powerful method of  

regularizing a broad family of  models (it is akin to bagging). 

• Dropout trains the ensemble consisting of  all subnetworks that can be formed by removing non-output 

units from an underlying base network. With bagging, we define k different models, construct k different 

datasets by sampling from the training set with replacement, and then train model i on dataset i. Dropout aims 

to approximate this process, but with an exponentially large number of  NNs. 

• In practice, each time we load an example into a minibatch for training, we randomly sample a different 

binary mask to apply to all input and hidden units in the network; the mask is sampled independently for each 

unit (e.g. 0.8 probability for including an input unit and 0.5 for hidden units). 

• In the case of  bagging, the models are all independent; for dropout, the models share parameters. 



CNNs: Case Studies  – AlexNet
AlexNet (2012 ILSVRC winner) 

• AlexNet can perform both image classification and image retrieval.

• Image retrieval is executed by extracting the penultimate feature representation (i.e., before 

the output layer) of  dimension 4096, and retrieving the images in the dataset with feature 

vectors of  minimum (L2) distance from the test image feature vector. 



CNNs: Case Studies  – VGG
VGG* (2014) 

• VGG further pushed the trend of  increasing network depth (11-19 layer variants). Due to instability in training deeper models, 

VGG-11 was first trained, and this sub-network was used to initialize training for deeper VGG variants.

• An important innovation provided by VGG is that it reduced filter sizes, but increased depth (this led to performance 

improvements concurrent with kernel parameter savings).

• Recall that the first conv layer of  AlexNet used a 7x7 filter, which requires 49 independent parameters and covers a spatial region 

(naturally) of  size 7x7. 

• By contrast, VGG models use 3x3 filters. Notice that if  we stack three 3x3 filters in sequence we generate a nominal receptive 

fields equivalent to that of  a 7x7 filter. However, using three 3x3 filters requires only 29 independent parameters. Conv stride for 

VGG is 1, maxpooling stride is 2. 

*https://arxiv.org/pdf/1409.1556.pdf

**The thesis that stacking small filters in sequence captures an equivalent “effective” receptive field yielded for a large filter has recently been challenged, see: 

https://arxiv.org/abs/1701.04128

VGG-16 VGG-19



CNNs: Case Studies  – Inception
GoogleLeNet* (“Inception”, 2014 ILSVRC winner) 

• GoogLeNet proposed a novel concept referred to as an inception architecture – a network within a network. 

• The key device in an inception module is to introduce different level of  spatial detail for processing within the 

module. A large filter will capture information in a bigger area; small filters capture details in a smaller area. 

• One challenge is that we don’t know a priori which filter sizes are best at which layer. Inception modules provide 

the CNN with inherent flexibility to model different levels of  image granularity in parallel. 

*https://arxiv.org/pdf/1409.4842.pdf



CNNs: Case Studies  – Inception
GoogleLeNet (“Inception”, 2014 ILSVRC winner) 

• Inception modules convolve three different filter sizes of  dimension 1x1, 3x3, and 5x5 in 

parallel, in order to allow the network to synthesize a flexible set of  spatial dimensions at once. 

• One issue with a naïve implementation (see left of  image) of  this strategy is that it is 

computationally inefficient, as the number of  filters at the concatenation step can be quite 

large (after several layers of  consecutive inception modules the number of  filter activations 

would then become unwieldy). 



CNNs: Case Studies  – Inception
GoogleLeNet (“Inception”, 2014 ILSVRC winner) 

• To reduce this potential bottleneck, the authors introduce a 1x1 convolutional operation 

that serves as a form of  dimensionality reduction, reducing the filter depth (e.g. from 256 to 

64). 

• In this way, the depth of  the “filter concatenation layer” (output to the inception module) can 

be made equal to the depth of  the “previous layer” (input to the inception module), thus 

reducing the instance of  an increase in feature maps in the network. 



CNNs: Case Studies  – Inception
GoogleLeNet (“Inception”, 2014 ILSVRC winner) 



CNNs: Case Studies  – Inception
GoogleLeNet (“Inception”, 2014 ILSVRC winner) 

• Inception v1 has 22 layers, ~6.7m tunable parameters. 



CNNs: Case Studies  – ResNet
ResNet* (Microsoft, 2015 ILSVRC winner)

• ResNet introduces a very deep network architecture 

of  152 layers!

• The main challenge in training such deep networks is that

gradient flow between layers is impeded by several 

factors, including vanishing/exploding gradient (this 

claim is somewhat controversial) and the inherent difficulty

of  time-to-converge for very large models. 

• ResNet introduces skip connections to alleviate these

difficulties. 

*https://arxiv.org/pdf/1512.03385.pdf



CNNs: Case Studies  – ResNet
ResNet (Microsoft, 2015 ILSVRC winner)

• Skip connections simply copy the input of  layer 𝑖 and adds it to layer 𝑖 + 𝑟 , 𝑟 > 1.  This 

approach enables effective gradient flow because the backpropagation algorithm now has a 

“super-highway” for propagating gradients. 

• This basic unit (shown on left) is called a residual module, and the entire network is created 

by putting together many of  these basic modules (in some cases a 1x1 projection is applied 

over the skip connection to ensure dimensionality agreement). 



CNNs: Case Studies  – ResNet
ResNet (Microsoft, 2015 ILSVRC winner)

• Experimental results for ResNet results vs. “plain” (i.e., without residual modules) CNNs; 

note that to help improve model training convergence, the authors reduce the learning rate by 

an order of  magnitude every 10k epochs (approximately). 



CNNs: Case Studies  – ResNet

ResNet (Microsoft, 2015 ILSVRC winner)



CNNs: Case Studies  – SE Nets
Squeeze-and-Excitation Networks* (2017 ILSVRC winner)

• SE Nets provide a simple and elegant means to reweighting the channel outputs of  convolutional layers, in order 

to make the processing of  features more efficient in a CNN. Previous CNN architectures weight all output 

channels equally by default. 

• The authors introduce two mechanisms to achieve this goal: 

(1) Squeeze step: global average pooling is applied a feature map tensor to generate a vector representing a global 

channel descriptor. 

(2) Excitation step: a small sub-network recalibrates the global channel descriptor using dynamics 

conditioned on the input – this allows for information-rich features to be accentuated after each conv layer in 

the network. 

*https://arxiv.org/abs/1709.01507



CNNs: Case Studies  – SE Nets
Squeeze-and-Excitation Networks (2017 ILSVRC winner)

• In more detail: 

(1) Squeeze step: global average pooling is applied to the feature map tensor U; channel c of  the tensor U (denoted 

𝑢𝑐) is simply calculated as the average intensity of  channel 𝑐, yielding the scalar 𝑧𝑐; the vector 𝒛 denotes the 

global channel descriptor. 



CNNs: Case Studies  – SE Nets
Squeeze-and-Excitation Networks (2017 ILSVRC winner)

• In more detail: 

(1) Squeeze step: global average pooling is applied to the feature map tensor U; channel c of  the tensor U (denoted 

𝑢𝑐) is simply calculated as the average intensity of  channel 𝑐, yielding the scalar 𝑧𝑐; the vector 𝒛 denotes the 

global channel descriptor. 

(2)  Excitation step: a small sub-network recalibrates the global channel descriptor. Concretely, the authors   

apply a sequence of  a linear and non-linear operations (with the first step instantiated by 𝑾1), followed by RELU 

(δ), followed by an additional linear operation (𝑾2), followed finally by a sigmoid (σ) – this particular sequence of  

steps additionally reduces parameter overhead through the use of 1x1 bottleneck operations. 



CNNs: Effects of  Depth 
• As we have seen, many of  the significant advances in performance in recent years in the 

ILSVRC contest are a result of  improved computational power, greater data availability, and 

changes in architectural design that have enabled the effective training of  NNs with increased 

depth. 

• The rapid increase in accuracy in the short period from 2012-2015 is quite remarkable and is 

unusual for most ML applications that are as well studies as image classification. 

• Increased depth of  the NN is closely correlated with improved error rates. As such, as 

important focus of  research in recent years have been to enable algorithmic modifications that 

support increased depth of  NNs. 



Open-Source DL Frameworks

• TensorFlow (Google, 2015): Python, C++, Java, etc., library for DL; ML 

algos represented as computation graph. 

https://www.tensorflow.org/

• Pytorch (FAIR, 2016): Python framework based on the Torch library (similar 

to NumPy, but used for tensors with GPU acceleration). 

https://pytorch.org/

• Keras (Chollet, Google): open source (Python) interface for TF, 

GPU acceleration support. 

https://keras.io/

https://www.tensorflow.org/
https://pytorch.org/
https://keras.io/


Open-Source DL Frameworks

• Next, we develop a hands-on (Keras) exampled of  training a CNN-based classifier 

on the CIFAR-10 dataset.   

(1) Load and prepare dataset 



Open-Source DL Frameworks

• Next, we develop a hands-on (Keras) exampled of  training a CNN-based classifier 

on the CIFAR-10 dataset.   

(2a) Train a “VGG-type” CNN, using one VGG block 

(2b) Train a “VGG-type” CNN, using three VGG blocks VGG1: 67.1% Test Accuracy

VGG2: 73.5% Test Accuracy



Open-Source DL Frameworks

(3a) Train a “VGG-type” CNN with Dropout regularization

(3b) Train a “VGG-type” CNN, using data augmentation 

VGG w/DA: 84.5% Test Accuracy

VGG w/Dropout: 83.5% Test Accuracy



CNNs: Pre-trained Models

• A key point about image data is that the extracted features from a particular data set are highly 

reusable across data sources. 

• Thus, features extracted from, for example, a CNN trained on ImageNet, can often be reused 

directly in a new model (cf. transfer learning), or, conversely, a compact latent representation of  the 

input image data (typically from the penultimate network layer), can be extracted as a meaningful 

encoding of  an image. 

• In some cases, even all (or most) of  the features from a pre-trained CNN are repurposed in a new 

model. 

• Using a pretrained model naturally can save time/compute, and often obviates the need to train a 

CNN from scratch. 

Pre-trained CNN features (extracted from conv1)

Latent image representation (extracted from FC7)

4096



Limitations of  CNNs
•According to Geoffrey Hinton*, it is unfortunate in some sense that CNNs work so well, because they have 

serious flaws which he believes “will be hard to get rid of.” 

These flaws include (according to Hinton): 

• Inefficiencies in backpropagation paradigm itself  

• Poor translational invariance 

• Lack of  “pose” information – absence of  nuanced information about relative position and orientation of    

parts of  an object. These is sometimes referred to as the “Picasso problem.” 

• Hinton proposed Capsule Nets** (2017) to address some of  these issues. 

*https://www.youtube.com/watch?v=rTawFwUvnLE&t=8s

** https://arxiv.org/abs/1710.09829



Limitations of  CNNs
•Beyond these issues, traditional CNNs are also ill-equipped to efficiently process graphical 

data, particularly data with non-uniform neighborhood information. 

• Graph Neural Networks* (GNNs) and Graph Convolutional Neural Networks 

(GCNs) are specifically aimed at overcoming these deficiencies vis-à-vis traditional CNNs. 

*https://arxiv.org/pdf/1812.08434.pdf




