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Activation



Activation function
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• Used to increase non-linearity of the network without affecting receptive 
fields of conv layers 

• Prefer ReLU, results in faster training
• LeakyReLU addresses the vanishing gradient problem

Other types: 
Leaky ReLU, Randomized Leaky ReLU, Parameterized ReLU Exponential 
Linear Units (ELU), Scaled Exponential Linear Units Tanh, hardtanh, 
softtanh, softsign, softmax, softplus...
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J = g(y – y*)



Loss function
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• L1, L2 loss 
• Cross-Entropy loss (works well for classification, e.g., image classification) 
• Hinge Loss 
• Huber Loss, more resilient to outliers with smooth gradient 
• Minimum Squared Error (works well for regression task, e.g., Behavioral 

Cloning)
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J = g(y – y*)

We want to start with random parameters and make our 
parameters better and better gradually as an iterative 
manner. Gradient descent is:

! "#$ = ! " − ' ()
(! "

Tricky to calculate
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J = g(y – y*)

We want to start with random parameters and make our 
parameters better and better gradually as an iterative 
manner. Gradient descent is:
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Back propagation
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J = g(y – y*)
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Convolutional Neural Networks
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Convolutional layer
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Convolutional layer
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Convolutional layer
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Convolutional layer
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consider a second, green filter



Convolutional layer
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25



Convolutional layer
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Convolutional layer
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Convolutional layer
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Pooling layer
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• makes the representations smaller and more manageable
• operates over each activation map independently:



Pooling layer

30

MAX POOLING



Frameworks
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Real study: AMD
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Real study: AMD
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Background

• Age-related Macular Degeneration (AMD) is a heritable neurodegenerative disease and a leading 
cause of blindness in the elderly population in the United States.

• AMD severity is mainly diagnosed by color fundus images and recent studies have shown the 
success of machine learning methods in predicting AMD progression using image data.

• In this study, we jointly used genotypes and fundus images to dynamically predict an eye as having 
progressed to late AMD with a modified deep convolutional neural network (CNN).

• Study Population: Caucasian patients from AREDS (Age-Related Eye Disease study) including 
genotyping data, longitudinal color fundus photographs, and disease severity assessment over a 
period of 12 years.

https://www.clarityeye.net/age-related-macular-degeneration/

https://www.clarityeye.net/age-related-macular-degeneration/


Real study: AMD
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Study Description
The Age-Related Eye Disease Study (AREDS) was initially designed as a long-term multi-center, prospective study of the 
clinical course of age-related macular degeneration (AMD) and age-related cataract. In addition to collecting natural history 
data, AREDS included a clinical trial of high-dose vitamin and mineral supplements for AMD and a clinical trial of high-dose 
vitamin supplements for cataract. AREDS participants were 55 to 80 years of age at enrollment and had to be free of any 
illness or condition that would make long-term follow-up or compliance with study medications unlikely or difficult. On the basis 
of fundus photographs graded by a central reading center, best-corrected visual acuity and ophthalmologic evaluations, 4,757 
participants were enrolled in one of several AMD categories, including persons with no AMD.

• AREDS participants were followed on the clinical trials for a median time of 6.5 years. Subsequent to the conclusion 
of the clinical trials, participants were followed for an additional 5 years and natural history data were collected. 

• Blood samples were also collected from 3,700+ AREDS participants for genetic research. However, not all of the 
3,700+ AREDS participants who submitted a blood sample currently have DNA available.

• In November 2010, over 72,000 high quality fundus and lens photographs of 595 AREDS participants were 
made available in the AREDS dbGaP.

• In February 2014 over 134,500 high-quality fundus photographs of 4613 AREDS participants were added to the 
existing AREDS dbGaP resource.
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Real study: AMD
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CNN
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Nat Genet. 2016 Feb;48(2):134-43. doi: 10.1038/ng.3448

https://www.ncbi.nlm.nih.gov/pubmed/26691988
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Real study: AMD
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Real study: AMD
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Other options:
AlexNet, GoogLeNet, VGG, ResNet, Inception-ResNet-V2 …



Possibilities
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Nat Genet. 2019 Jan;51(1):12-18. doi: 10.1038/s41588-018-0295-5.

Deep learning workflow in genomics. a, A dataset should be randomly split into training, validation and test sets. The positive and negative examples should be 
balanced for potential confounders (for example, sequence content and location) so that the predictor learns salient features rather than confounders. b, The appropriate 
architecture is selected and trained on the basis of domain knowledge. For example, CNNs capture translation invariance, and RNNs capture more flexible spatial 
interactions. c, True positive (TP), false positive (FP), false negative (FN) and true negative (TN) rates are evaluated. When there are more negative than positive 
examples, precision and recall are often considered. d, The learned model is interpreted by computing how changing each nucleotide in the input affects the prediction. 
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Genes (Basel). 2019 Jul 20;10(7). pii: E553. doi: 10.3390/genes10070553.


