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Convolutional Neural Networks
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Image Classification

ImageNet dataset
• Training: 1.2 million images
• Testing and validation: 150,000 images
• 1000 categories
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https://image-net.org/challenges/LSVRC/2012/index.php

https://image-net.org/challenges/LSVRC/2012/index.php


Image Classification
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Image Classification

Training data

One-hot vector: if an object in k-th class exists in the image, its label 
will be encoded as [0, 0, 0, …, 1, …, 0, 0, 0], where only k-th element in 
the vector is 1
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Image Classification
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The goal of training



Image Classification

Cross entropy loss function
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Cross entropy between two distributions
(measure distance between distributions)
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https://ljvmiranda921.github.io/notebook/2017/08/13/softmax-and-the-negative-log-likelihood/



Training

Cross entropy loss function
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Minimize

With respect to weights W



Training

Gradient descent

Chain rule
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Learning rate



Training

Gradient descent 
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How to compute gradient?



Training

Chain rule

13

Jacobian matrix

https://eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative/

https://eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative/


Training

Gradient descent
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Learning rate



Back-propagation
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Back-propagation
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Conv filter Bias
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Training: back-propagate errors
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Back-propagation

For each layer in the network, compute local gradients (partial 
derivative)

• Fully connected layers
• Convolution layers
• Activation functions
• Pooling functions
• Etc.

Use chain rule to combine local gradients for training
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Classification Loss Functions

Cross entropy loss

Hinge loss for binary classification
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Classification Loss Functions

Hinge loss for multi-class classification
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Score 
corresponds to 
the ground truth 
label

Score 
corresponds to 
the most wrong 
label

margin

https://torchmetrics.readthedocs.io/en/stable/classification/hinge_loss.html



Regression Loss Functions

Mean Absolute Loss or L1 loss

Mean Square Loss or L2 loss
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Regression Loss Functions

Smooth L1 loss
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https://pytorch.org/docs/stable/generated/torch.nn.SmoothL1Loss.html



Regression Loss Functions

Huber loss
• Generalization of smooth L1 loss (               )
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Optimization
Gradient descent

• Gradient direction: steepest direction 
to increase the objective

• Can only find local minimum

• Widely used for neural network 
training (works in practice)

• Compute gradient with a mini-batch 
(Stochastic Gradient Descent, SGD)
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Learning rate



Optimization
Gradient descent with momentum

• Add a fraction of the update vector 
from previous time step (momentum)

• Accelerated SGD, reduced oscillation
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https://ruder.io/optimizing-gradient-descent/

Learning ratemomentum

https://ruder.io/optimizing-gradient-descent/


Adam: Adaptive Moment Estimation
1. Exponentially decaying average of gradients and squared gradients

2. Bias-corrected 1st and 2nd moment estimates

3. Updating rule

Optimization
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Adaptive learning rate

Start m and v from 0s

Learning rate



Case Study: Training AlexNet
Data augmentation

• Extracting random 224x224 
patches from 256x256 images

• Change RGB intensities
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https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html

+
Eigen vectors
of 3x3 covariance 
matrix of RGB values 
on training set

Eigen valuesRandom variable
N(0, 0.1)

covariance matrix

https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html


Case Study: Training AlexNet
Dropout

• Set to zero the output of each 
hidden neuron with probability 0.5

• Apply to the first two FC layers

• Prevent overfitting
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https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html

https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html


Case Study: Training AlexNet

Batch size: 128

Updating rule
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https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html

Learning rateMomentum Weight Decay Gradient

Five to six days on two NVIDIA GTX 580 3GB GPUs, 2012

https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html


Further Reading

Stanford CS231n, lecture 3 and lecture 4, 
http://cs231n.stanford.edu/schedule.html

Deep learning with PyTorch
https://pytorch.org/tutorials/beginner/deep_learning_60min_blitz.html

Dropout: A Simple Way to Prevent Neural Networks from Overfitting
https://jmlr.org/papers/v15/srivastava14a.html

Matrix Calculus: https://explained.ai/matrix-calculus/
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http://cs231n.stanford.edu/schedule.html
https://pytorch.org/tutorials/beginner/deep_learning_60min_blitz.html
https://jmlr.org/papers/v15/srivastava14a.html
https://explained.ai/matrix-calculus/

