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DL Applications – Image Classification and Retrival

[Krizhevsky 2012]

Classification Retrieval
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[Faster R-CNN: Ren, He, Girshick, Sun 2015]

Detection Segmentation

[Farabet et al., 2012]

DL Applications – Object detection and Segmentation
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Applications – Semantic Image 
Segmentation

https://www.youtube.com/watch?v=PNzQ4PNZSzc

Full-Resolution Residual Networks (FRRNs) for 
Semantic Image Segmentation in Street Scenes
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[Taigman et al. 2014]

[Simonyan et al. 2014]

Applications – Face and Video Recognition
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[Convolutional Pose Machines. Shih-En Wei, Varun Ramakrishna, Takeo 
Kanade, Yaser Sheikh] 

Applications – Human Pose Estimation
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[Vinyals et al., 2015]

Applications - Image Captioning
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reddit.com/r/deepdream
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DeepArt
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Applications
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Applications
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[Mnih 2013]

[Deep Reinforcement Learning for Driving Policy. 
Shwartz 2016]

Applications – Reinforcement learning 
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Classical Recognition

LeCun
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End-to-End?

LeCun
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End-to-End?
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Learning Representations

LeCun
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Inspiration

LeCun
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sigmoid activation 
function

Inspiration
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Neural Networks: Architectures

“Fully-connected” layers

“2-layer Neural Net”, or
“1-hidden-layer Neural Net”

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”

Li, Karpathy, Johnson
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A bit of history

Frank Rosenblatt, ~1957: Perceptron

The Mark I Perceptron machine was the first 
implementation of the perceptron algorithm. 

The machine was connected to a camera that used 
20×20 cadmium sulfide photocells to produce a 400-
pixel image. 

recognized 
letters of the alphabet

update rule:

Li, Karpathy, Johnson
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A bit of history

Widrow and Hoff, ~1960: Adaline/Madaline

Li, Karpathy, Johnson
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A bit of history

Rumelhart et al. 1986: First time back-propagation became popular

recognizable maths

Li, Karpathy, Johnson
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A bit of history

Hubel & Wiesel,
1959
RECEPTIVE FIELDS OF SINGLE 
NEURONES IN
THE CAT'S STRIATE CORTEX

1962
RECEPTIVE FIELDS, BINOCULAR 
INTERACTION
AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

Li, Karpathy, Johnson
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LeCun, late '90s : Convolutional Neural Networks

Gradient-based learning applied to document recognition
Y LeCun, L Bottou, Y Bengio, P Haffner, 1998

LeCun

A bit of history
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A bit of history

[Hinton and Salakhutdinov 2006]

Reinvigorated research in 
Deep Learning

Li, Karpathy, Johnson
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First strong modern results

Context-Dependent Pre-trained Deep Neural Networks 
for Large Vocabulary Speech Recognition
George Dahl, Dong Yu, Li Deng, Alex Acero, 2010

Imagenet classification with deep convolutional 
neural networks
Alex Krizhevsky, Ilya Sutskever, Geoffrey E Hinton, 2012

Li, Karpathy, Johnson
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Keeps getting better...
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And deeper... 
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And deeper... 
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And deeper... 
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Network is a stack of components
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Components of a Convolutional Net
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Fully Connected layer

Previous 
Layer

FC Layer

B j=∑
i

(W ij∗Ai)+b j

A
1

A
2

A
3

A
4

A
1

B
2

B
1

B
3

B
4
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32

32

3

Convolution Layer

32x32x3 image

width

height

depth
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36

32

32

3

Convolution Layer

5x5x3 filter

32x32x3 image

Convolve the filter with the image
i.e. “slide over the image spatially, 
computing dot products”
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32

32

3

Convolution Layer

5x5x3 filter

32x32x3 image

Convolve the filter with the image
i.e. “slide over the image spatially, 
computing dot products”

Filters always extend the full 
depth of the input volume
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32

32

3

Convolution Layer

32x32x3 image
5x5x3 filter

1 number: 
the result of taking a dot product between the 
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)
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39

32

32

3

Convolution Layer

32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation map

1

28

28



40 : COS429 : L19 : 28.11.17 : Andras Ferencz Slide Credit:

40

32

32

3

Convolution Layer

32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation maps

1

28

28

consider a second, green filter
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41

32

32

3

Convolution Layer

activation maps

6

28

28

For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

We stack these up to get a “new image” of size 28x28x6!
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42

Preview: ConvNet is a sequence of Convolution Layers, interspersed with 
activation functions

32

32

3

28

28

6

CONV,
ReLU
e.g. 6 
5x5x3 
filters
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Preview: ConvNet is a sequence of Convolutional Layers, interspersed with 
activation functions

32

32

3

CONV,
ReLU
e.g. 6 
5x5x3 
filters

28

28

6

CONV,
ReLU
e.g. 10 
5x5x6 
filters

CONV,
ReLU

….

10

24

24
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Activation Functions

Sigmoid

tanh    tanh(x)

ReLU    max(0,x)

Maxout

ELU

Leaky ReLU
max(0.1x, x)
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Preview

LeCun
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example 5x5 filters
(32 total)

We call the layer convolutional 
because it is related to convolution 
of two signals:

elementwise multiplication and sum of 
a filter and the signal (image)

one filter => 
one activation map
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47

Convolutional Network (AlexNet)

input image
weights

loss
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Loss function 

An example loss function (the hinge loss):
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(image credits 
to Alec Radford)

How to optimize?
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Follow the slope

In 1-dimension, the derivative of a function:

In multiple dimensions, the gradient is the vector of (partial derivatives).
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current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

gradient dW:

[?,
?,
?,
?,
?,
?,
?,
?,
?,…]
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52

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (first dim):

[0.34 + 0.0001,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25322

gradient dW:

[?,
?,
?,
?,
?,
?,
?,
?,
?,…]
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gradient dW:

[-2.5,
?,
?,
?,
?,
?,
?,
?,
?,…]

(1.25322 - 1.25347)/0.0001
= -2.5

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (first dim):

[0.34 + 0.0001,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25322
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54

gradient dW:

[-2.5,
?,
?,
?,
?,
?,
?,
?,
?,…]

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (second dim):

[0.34,
-1.11 + 0.0001,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25353
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55

gradient dW:

[-2.5,
0.6,
?,
?,
?,
?,
?,
?,
?,…]

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (second dim):

[0.34,
-1.11 + 0.0001,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25353

(1.25353 - 1.25347)/0.0001
= 0.6
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56

gradient dW:

[-2.5,
0.6,
?,
?,
?,
?,
?,
?,
?,…]

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (third dim):

[0.34,
-1.11,
0.78 + 0.0001,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347
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57

gradient dW:

[-2.5,
0.6,
0,
?,
?,
?,
?,
?,
?,…]

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

W + h (third dim):

[0.34,
-1.11,
0.78 + 0.0001,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

(1.25347 - 1.25347)/0.0001
= 0
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58

Evaluation the 
gradient numerically
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Evaluation the 
gradient numerically

- approximate
- very slow to evaluate
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60

This is silly. The loss is just a function of W:

want
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61

This is silly. The loss is just a function of W:

want
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This is silly. The loss is just a function of W:

Calculus

want
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This is silly. The loss is just a function of W:

= ...
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gradient dW:

[-2.5,
0.6,
0,
0.2,
0.7,
-0.5,
1.1,
1.3,
-2.1,…]

current W:

[0.34,
-1.11,
0.78,
0.12,
0.55,
2.81,
-3.1,
-1.5,
0.33,…] 
loss 1.25347

dW = ...
(some function 
data and W)
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Gradient Descent

Numerical gradient: slow :(, approximate :(, easy to write :)
Analytic gradient: fast :), exact :), error-prone :(

In practice: Derive analytic gradient, check your 
implementation with numerical gradient
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Computational Graph

x

W

* hinge 
loss

R

+ L
s (scores)
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e.g. x = -2, y = 5, z = -4
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 

Chain rule:
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e.g. x = -2, y = 5, z = -4

Want: 
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e.g. x = -2, y = 5, z = -4

Want: 

Chain rule:
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f

activations
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f

activations

“local gradient”
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f

activations

“local gradient”

gradients
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f

activations

gradients

“local gradient”



83 : COS429 : L19 : 28.11.17 : Andras Ferencz Slide Credit:

f

activations

gradients

“local gradient”
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f

activations

gradients

“local gradient”
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A  dataset
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …
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Training the neural network 
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Initialise with random weights
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Present a training pattern

1.4 

2.7                                                    

1.9        
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Feed it through to get output

1.4 

2.7                                                    0.8

1.9        



90 : COS429 : L19 : 28.11.17 : Andras Ferencz Slide Credit:

Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Compare with target output

1.4 

2.7                                                    0.8 
                                                  0
1.9                                           error 0.8
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Adjust weights based on error

1.4 

2.7                                                    0.8 
                                                  0                                        
1.9                                           error 0.8
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Present a training pattern

6.4 

2.8                                                    

1.7        
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Feed it through to get output

6.4 

2.8                                                     0.9                                                   

1.7        
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Compare with target output

6.4 

2.8                                                     0.9                                                   
                                                  1  
1.7                                          error  -0.1
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

Adjust weights based on error

6.4 

2.8                                                     0.9                                                   
                                                  1  
1.7                                          error  -0.1
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Training data
Fields               class
1.4  2.7   1.9         0
3.8  3.4   3.2         0
6.4  2.8   1.7         1
4.1  0.1   0.2         0
etc …

And so on ….

6.4 

2.8                                                     0.9                                                   
                                                  1  
1.7                                          error  -0.1
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The decision boundary perspective…

Initial random weights
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The decision boundary perspective…

Present a training instance / adjust the weights
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The decision boundary perspective…

Present a training instance / adjust the weights
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The decision boundary perspective…

Present a training instance / adjust the weights
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The decision boundary perspective…

Present a training instance / adjust the weights
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The decision boundary perspective…

Eventually ….
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