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1943: Warren McCulloch and Walter Pitts

1949: Donald Hebb

1954: Farley and Wesley Clark

1958: Frank Rosenblatt (perceptron)

1969: Marvin Minsky and Seymour Papert

1975: Paul Werbos (backpropagation)

1980s – 2006:
Geoff Hinton
Yann LeCun
Yoshua Bengio

Jürgen Schmidhuber













Recent advances in machine learning have caused some to 

consider neural networks obsolete, even dead. This work 

suggests that such announcements are premature. 
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ImageNet
Classification of 1000 Image Categories
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2011: Andrew Ng → Google Brain
Mar 2013: Geoff Hinton → Google

Jan 2014: DeepMind → Google

Dec 2013: Zuckerberg at NIPS
Dec 2013: Yann LeCun → Facebook
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Supervised Learning

𝑥1: (02180, 1 bedroom, 1930) 𝑦1:$500K

𝑥1:Washington D.C. is the capitol of the US.
𝑦1: Paris est la capitale de la France.

𝑥1: 𝑦1: “apple”

𝑥𝑖 , 𝑦𝑖𝑖 = 1, … , 𝑁
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𝑥𝑖 , 𝑦𝑖𝑖 = 1, … , 𝑁 𝑓: 𝑏𝑎𝑠𝑖𝑠 𝑠𝑒𝑡

𝑦𝑖
∗ = 𝑤∗, 𝑓 𝑥𝑖 ≈ 𝑦𝑖

𝑤∗ = argmin
𝑤
 

𝑖=1

𝑛

𝑤, 𝑓 𝑥𝑖 − 𝑦𝑖

Deep Learning as Adaptive Basis Regression

learned

Representation
Learning

Breaks
Convexity



𝑥𝑖 , 𝑦𝑖𝑖 = 1, … , 𝑁 𝑓: 𝑏𝑎𝑠𝑖𝑠 𝑠𝑒𝑡

𝑦𝑖
∗ = 𝑤∗, 𝑓 𝑥𝑖 ≈ 𝑦𝑖

𝑤∗ = argmin
𝑤
 

𝑖=1

𝑛
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Deep Learning as Adaptive Basis Regression

learned

Feature Selection

+ 𝑟𝑒𝑔(𝑤)



𝑥𝑖 , 𝑦𝑖

Deep Learning as a Choice of Hypothesis Space

𝑖 = 1, … , 𝑁 ℱ: ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 𝑠𝑝𝑎𝑐𝑒

𝑓∗(𝑥𝑖) ≈ 𝑦𝑖

𝑓∗ = argmin
𝑓∈ℱ
 

𝑖=1

𝑛

𝑓(𝑥𝑖) − 𝑦𝑖

Linear Regression
+

Kernel Methods
×

Deep Learning
∘

𝑔𝑎 𝑥𝑖 + 𝑔𝑏(𝑥𝑖) 𝑔𝑎 𝑥𝑖 𝑔𝑏(𝑥𝑖) 𝑔𝑏 𝑔𝑎(𝑥𝑖)

ℱ = 𝑔𝑎⨂𝑔𝑏|𝑔𝑎 , 𝑔𝑏 ∈ 𝒢

𝒢: 𝑎𝑡𝑜𝑚𝑖𝑐 𝑓𝑢𝑛𝑐𝑠 ⨂: 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟
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Standard Neural Architectures: Feedforward
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Standard Neural Architectures: Convolutional

GoogleNet



Standard Neural Architectures: Convolutional

Layer 1 Layer 2 Layer 3



Standard Neural Architectures: Convolutional



Application: Image Recognition
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𝑥1

Standard Neural Architectures: Recurrent
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Standard Neural Architectures: Recurrent
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Standard Neural Architectures: Recurrent

𝑥1

𝑦

𝑥2 𝑥3 𝑥𝑡
LSTM Cell
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Application: Machine Translation

Mary admires John

Mary is in love with John

Mary respects John
John admires Mary

John is in love with Mary

John respects Mary

x

x

x
x

x

x



Application: Machine Translation

I was given a card by her in the garden

In the garden, she gave me a card
She gave me a card in the garden

She was given a card by me in the garden

In the garden, I gave her a card

I gave her a card in the garden

x

x
x

x

x

x



Application: Word Embeddings

King – Man + Woman = Queen

Paris – France + England = London

King – Man + Woman = QueenKing – Man + Woman = QueenKing – Man + Woman = Queen



Application: Word Embeddings

Man

Woman

Uncle

Aunt

King

Queen



Application: Caption Generation

Source Image Recurrent Target SentenceConvolutional



Application: Caption Generation

A group of young people playing a game of Frisbee.



Application: Caption Generation

Two hockey players are fighting over the puck.



Application: Caption Generation

A herd of elephants walking across a dry grass field.



Application: Caption Generation

A man flying through the air while riding a snowboard.



Application: Caption Generation

Show and Tell: A Neural Image Caption Generator (Google)

Mind’s Eye: A Recurrent Visual Representation for Image Caption Generation (MSR)

Deep Captioning with Multimodal Recurrent Neural Networks (UCLA)

Deep Visual-Semantic Alignments for Generating Image Descriptions (Stanford)

From Captions to Visual Concepts and Back (MSR)



2006 – 2014: What is deep learning? Take I

2014 – 20XX: What is deep learning? Take II

1943 – 2006: A prehistory of deep learning
2006 – 2015: A history of deep learning
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2014 – 20XX: What is deep learning? Take II

1943 – 2006: A prehistory of deep learning
2006 – 2015: A history of deep learning
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Frontiers of Neural Architectures: Memory
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Associative Recall

Dynamic N-Grams

Priority Sort

Application: Algorithms
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Application: Algorithms

Targets

Outputs

Targets

Outputs

Time



Application: Algorithms

Targets

Outputs

Targets

Outputs

Time



Application: Algorithms
Inputs Outputs
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Write Weightings Read Weightings



Application: Algorithms



Frontiers of Neural Architectures: Memory

Memory Networks.
Jason Weston, Sumit Chopra, Antoine Bordes.

Teaching Machines to Read and Comprehend.
Karl Moritz Hermann et. al. 

Large-scale Simple Question Answering with 
Memory Networks.
Antoine Bordes et. al.

Learning CFGs: Capabilities and limitations of a 
recurrent neural network with an external stack 
memory. 
S. Das, C. L. Giles, and G. Z. Sun.

Inferring Algorithmic Patterns with Stack 
Augmented Recurrent Nets.
Armand Joulin and Tomas Mikolov.

Reinforcement Learning Turing Machine.
Wojciech Zaremba and Ilya Sutskever. 

End-To-End Memory Networks.
S. Sukhbaatar, A. Szlam, J. Weston, R. Fergus.

Learning to Transduce with Unbounded Memory.
E. Grefenstette et. al.

Transition-based dependency parsing with stack 
long short-term memory.
C Dyer et. al.

Ask Me Anything: Dynamic Memory Networks for 
Natural Language Processing.
A Kumar et. al.

Recurrent Neural Networks with External 
Memory for Spoken Language Understanding.
B Peng et. al.



Frontiers of Neural Architectures: Memory

Neural Stack Neural Queue
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Application: Question and Answer
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Read Head
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(Recurrent)
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Time



Frontiers of Neural Architectures: Attention
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Frontiers of Neural Architectures: Reinforcement



Application: Robotics





What is deep learning? Take II

deep learning = non-convex differentiable optimization

deep reinforcement learning = non-convex non-differentiable optimization

deep learning = design of differentiable (and thus trainable) computers



Resources

http://bit.ly/1NhkCf2Hugo Larochelle, Université de SherbrookeIntroductory Deep Learning

Deep Learning

Classes

Book

Review Deep Learning Yann LeCun, Yoshua Bengio, Geoff Hinton, Nature 521, 436-444

Convolutional Nets (CS231n) Andrej Karpathy, Stanford University http://cs231n.stanford.edu

Recurrent Nets (CS224d) Richard Socher, Stanford University http://cs224d.stanford.edu

Deep Reinforcement
Learning (CS294)

John Schulman, UC Berkeley http://rll.berkeley.edu/deeprlcourse/

Yoshua Bengio, Ian J. Goodfellow, 
and Aaron Courville

http://goodfeli.github.io/dlbook/

Code Keras, Lasagne, Blocks Basic / off-the-shelf

Heavy duty Torch, Theano, Caffe, CGT

PrototypingAutograd


