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What is Deep Learning ?

blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/ 3

http://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/
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Machine Learning

slideshare.net/LuMa921/deep-learning-a-visual-introduction 4
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A brief history of Deep Learning

www.slideshare.net/LuMa921/deep-learning-a-visual-introduction 5
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A Brief History of Deep Learning

medium.com/chris-nielsen/making-my-own-deep-learning-image-recogniser-d707435a788e 6
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ILSVRC 2012 Winner: AlexNet(Krizhevsky et al.)
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lya Sutskever (left), Alex Krizhevsky 
(middle), Geoffrey Hinton (right)

University of Toronto

AlexNet CNN Architecture  

www.slideshare.net/AlexanderKorbonits/deep-learning-with-python-pydata-seattle-2015
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Deep Learning Allstars

www.slideshare.net/LuMa921/deep-learning-a-visual-introduction 8
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Deep Learning Allstars
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Deep Learning is an algorithm which has no theoretical limitations of what it can 
learn; the more data you give and the more computational time you provide, the 
better it is.

                 -Geoffrey Hinton (Prof. @ Toronto University - Resercher @ Google)
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Deep Learning Allstars
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I have worked all my life in Machine Learning, and I’ve never seen one algorithm 
knock over benchmarks like Deep Learning.

                          -Andrew Ng (Prof. @ Stanford University )

Artificial Intelligence is the new electricity.
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Why Deep Learning ?

11www.slideshare.net/LuMa921/deep-learning-a-visual-introduction
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Why Deep Learning ?

slideshare.net/ExtractConf 12
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Difference Between ML and DL?

/www.xenonstack.com/blog/data-science/log-analytics-with-deep-learning-and-machine-learning 13
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Challenges of Deep Learning

The First Challenge: Model Size

The Second Challenge: Speed

The Third Challenge: Energy Efficiency
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Challenges of Deep Learning
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The First Challenge: Model Size

SquezzeNet 
Models

[SqueezeNet, Iandola]
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Challenges of Deep Learning
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The First Challenge: Model Size
[SqueezeNet, Iandola]
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Challenges of Deep Learning
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The Second Challenge: Speed

slideshare.net/YusufKurt/derin-renme-nedir-akademik-biliim-2016-sunumu
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Challenges of Deep Learning
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The Second Challenge: Energy Efficiency 

TPU

cloudplatform.googleblog.com/2016/05/Google-supercharges-machine-learning-tasks-with-custom-chip.html
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Challenges of Deep Learning
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The Second Challenge: Energy Efficiency 

cloudplatform.googleblog.com/2017/04/quantifying-the-performance-of-the-TPU-our-first-machine-learning-chip.html
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Deep Learning Models - CNN Model

20https://www.mathworks.com/content/mathworks/www/en/discovery/convolutional-neural-network.html
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Deep Learning Models - RNN & LSTM
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Usage Areas of DL

● Speech Recognition => RNN, LSTM
● Handwritten Recognition => RNN, LSTM
● Natural Language Processing => CNN, LSTM
● Image Captioning => LSTM
● Image Recognition/Segmentation/Detection => CNN
● Video Analysis => CNN

22
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Usage Areas of DL

23



SiMiT Lab
simitlab.itu.edu.tr

Usage Areas of DL
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Frameworks for Deep Learning
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Neural Network
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biological neuron (left) and its mathematical model (right).

cs231n.github.io/neural-networks-1/
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Neural Network - Fully Connected Network
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Input 
Layer

Output 
Layer

Hidden Layers
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NN Models - Activation Function

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture6.pdf 28
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NN Model - Regularization

➔ L1 Regularization, 
➔ L2 Regularization,
➔ Max Norm Regularization
➔ L1+L2 Regularization
➔ Dropout
➔ Data Augmentation
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NN Model - Dropout

Srivastava, N., Hinton G., et. al., “Dropout: A Simple Way to Prevent Neural Networks from Overfitting”, JMLR, 2014 30
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NN Model - Dropout

https://chatbotslife.com/regularization-in-deep-learning-f649a45d6e0 31
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NN Model - Fully Connected Layers

Linear Classifier 

2-layer Neural Network 

3-layer Neural Network 
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CNN Model - Convolution
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image 
pixels

filtered 
image

mlnotebook.github.io/post/CNN1/
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CNN Model - Convolution
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Convolution operation with zero padding

deeplearning.net/software/theano/tutorial/conv_arithmetic.html
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CNN Model - Convolutional Layer

35http://cs231n.stanford.edu/slides/2017/
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CNN Model - Convolutional Layer

36nicholastsmith.wordpress.com/2017/04/01/image-classification-using-convolutional-neural-networks-in-tensorflow/
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CNN Model - Convolutional Layer

(MxM) : Original image size

(KxK) : Filter size

(NxN) : Output image size

s : stride, step size of the filter
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CNN Model - Pooling Layer

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture5.pdf 38
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CNN Model - Pooling Layer

        Stride: 2
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Optimization Methods
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Transfer Learning
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When to Fine-tune ? 

A good first step

- More robust optimization - good initialization helps
- Needs less data
- Faster learning

State-of-the-art results in

- recognition
- detection
- segmentation
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Transfer Learning
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Transfer Learning - Feature Extraction
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Take Home Messages
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● First try fine-tuning before attempting to build and train 
a deep neural network from scratch.

● Generally use ReLU as activation function.

● Use regularization to produce more generable models.

● Transfer from as closer domain as possible.
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