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ImageNet-1000 Results

Image courtesy Aaron Courville, 2016 



Generative Models

Deep Blood by Team BloodArtBrainBrush
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Generative Models
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Generative Models
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CycleGAN



Generative Models
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Introduction

For Deep Learning, you need:

1. Artificial Neural Network

2. Loss

3. Optimizer

4. Data



Artificial Neurons

Feedforward Recurrent



Artificial Neurons
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Artificial Neurons



Artificial Neurons
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Logistic Regression

Hartl, Florian. “Logistic Regression – Geometric Intuition” 

https://florianhartl.com/logistic-regression-geometric-intuition.html
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Neural Networks
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Neural Networks
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Sethi, Ishwar Krishnan. "Entropy nets: From decision trees to neural 

networks." Proceedings of the IEEE 78.10 (1990): 1605-1613



Neural Networks
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Sethi, Ishwar Krishnan. "Entropy nets: From decision trees to neural 

networks." Proceedings of the IEEE 78.10 (1990): 1605-1613
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Neural Networks
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𝑓 𝑥2 = 𝜎(𝑖2𝑤𝑥2,𝑖2 + 𝑏𝑥2)

𝑓 ℎ2 = 𝜎(𝑤ℎ2,𝑥1𝑓 𝑥1 +𝑤ℎ2,𝑥2𝑓 𝑥2 + 𝑏ℎ2)

= 𝜎(𝑤ℎ2,𝑥1𝜎 𝑖1𝑤𝑥1,𝑖1 + 𝑏𝑥1 +𝑤ℎ2,𝑥2𝜎 𝑖2𝑤𝑥2,𝑖2 + 𝑏𝑥2 + 𝑏ℎ2)

𝑓 𝑦 = 𝜎(𝑤𝑦,ℎ1𝑓 ℎ1 +𝑤𝑦,ℎ2𝑓 ℎ2 + 𝑏𝑦)

= 𝜎(𝑤𝑦,ℎ1𝜎(𝑤ℎ1,𝑥1𝜎 𝑖1𝑤𝑥1 + 𝑏𝑥1
+𝑤1,𝑥2𝜎 𝑖2𝑤𝑥2,𝑖2 + 𝑏𝑥2 + 𝑏ℎ1)

+ 𝑤𝑦,ℎ2𝜎(𝑤ℎ2,𝑥1𝜎 𝑖1𝑤𝑥1,𝑖1 + 𝑏𝑥1
+𝑤ℎ2,𝑥2𝜎 𝑖2𝑤𝑥2,𝑖2 + 𝑏𝑥2 + 𝑏ℎ2)

+ 𝑏𝑦)
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Backpropagation

1. Random θ initialization

Iterate:

1. Forward - compute loss

2. Backward - update parameters

forward pass

backward pass



Backpropagation
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Backpropagation
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Backpropagation
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Backpropagation
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Backpropagation
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Image courtesy Chris Olah, 2014

Data Manifold

Data distribution:

• Class 1

• Class 2

X-Y grid:

• Param (θ) space
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Data Manifold

Data distribution:

• Class 1

• Class 2

X-Y grid:

• Param (θ) space



Convolutional Neural Networks

CNN/convnet neurons:

1. Have receptive field

2. Share weights



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks

90% parametersAlexNet trained using:

1. Dropout

2. Batch Normalization

Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "ImageNet 

classification with deep convolutional neural networks." Advances in 

neural information processing systems. 2012.



Convolutional Neural Networks

Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "ImageNet 

classification with deep convolutional neural networks." Advances in 

neural information processing systems. 2012.



Challenges

1. Data quantity

2. Data size

3. Data quality

4. Data variability

5. Unexpected pathology


