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Why deep learning?
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2. How to train models


3. Deeper is better


4. Practical tips



Understanding is not 
something you can 

Google.



Machine learning is 
engineering-driven.
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MNIST dataset
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Foundational for 
CNNs and RNNs



Convolutional layers
1. Translation invariance 2. Locality
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II. How train?



Metric: 

~Prediction error
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III. Deeper is better
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Data from Kaiming He, Xiangyu Zhang, Shaoqing Ren and Jian Sun. ‘Deep Residual Learning for Image Recognition’, CVPR 2016.
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Data from Kaiming He, Xiangyu Zhang, Shaoqing Ren and Jian Sun. ‘Deep Residual Learning for Image Recognition’, CVPR 2016.
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IV. Practical Tips
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Transfer Learning



Based on Zeiler and Fergus, 2013
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Simplify



VGG-19

2 x conv-64

pool/2
2 x conv-128

pool/2
4 x conv-256

pool/2

4 x conv-512
pool/2

4 x conv-512

pool/2
3 x dense

softmax
Simonyan and Zisserman, 2014
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Thank You!



Appendix



Resources on Coding 
Neural Networks

• Jason Brownlee’s Machine Learning Mastery (lots of code)


• My blog posts on training models in TensorFlow (training a 
model, MLP, CNN)

https://machinelearningmastery.com/
http://www.jessicayung.com/code-explained-training-a-model-in-tensorflow/
http://www.jessicayung.com/code-explained-training-a-model-in-tensorflow/
http://www.jessicayung.com/explaining-tensorflow-code-for-a-multilayer-perceptron/
http://www.jessicayung.com/explaining-tensorflow-code-for-a-convolutional-neural-network/


Resources on Deep 
Learning

• THE Deep Learning book (Ian Goodfellow, Yoshua Bengio, 
Aaron Courville)


• Stanford’s course on Convolutional Neural Networks


• fast.ai courses on neural networks (haven’t tried much 
myself but I’ve heard they are good)

https://www.deeplearningbook.org/
https://www.deeplearningbook.org/
http://cs231n.stanford.edu/
https://www.fast.ai/

