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Recap: Neural Networks

SB2b/SM4 - Deep Learning

Neural Networks

ywteh
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Recap: Multiple LayersNeural Networks Backpropagation

Multiple hidden layers
ŷi = hL+1
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!
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Many hidden layers can be used: they are usually thought of as forming a
hierarchy from low-level to high-level features.
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Deep Learning  
=  

Fancy Neural Networks
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Deep Learning = Fancy Neural Nets
• All the neural networks seen so far have been of a particular basic 

type: multi-layer perceptrons (MLPs) 

• High-level idea of using a series of differentiable linear and 
nonlinear mappings is much more general that this: can come up 
with complex computational structures known as architectures 
– Deep learning is just neural networks with fancy architectures 

– Advanced models like CNNs, RNNs, etc are all just particular 
computational structures with the same general idea of alternating 
between linear mappings and applying local operations / 
nonlinearities 

– In general, we can think of deep learning as “differentiable 
programming”: we write down a, very flexible, parameterised 
differentiable program from inputs to outputs, then use gradient 
descent to learn its parameters
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CS 4100: Artificial Intelligence

Neural Networks: Training, Convolutions, Applications

Jan-Willem van de Meent, Northeastern University

[These slides were created by Dan Klein and Pieter Abbeel for CS188 Intro to AI at UC Berkeley.  All CS188 materials are available at http://ai.berkeley.edu.]

Image Credit: Dan Klein and Pieter Abbeel

Deep learning models are built up from 
simple differentiable component
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Building Blocks

SB2b/SM4 - Deep Learning

Building Blocks

! Linear/fully-connected/dense 

! sigmoid 

! tanh 

! relu 

! softmax 

! Losses

ywteh

�(x) =
1

1 + exp(�x)

tanh(x) =
exp(x)� exp(�x)

exp(x) + exp(�x)

relu(x) = max(0, x)

softmax(x1, . . . , xn)

=
⇣

exp(x1)P
i exp(xi)

, . . . , exp(xn)P
i exp(xi)

⌘

CrossEntropy(t, y) =
X

i

ti log yi

Square(t, y) = kt� yk22

Hinge(t, y) = max(0, 1� t · y)

x 7! Wx+ b

Building Blocks

Slide Credit: Yee Whye Teh



Building Blocks

Building Blocks

SB2b/SM4 - Deep Learning

Building Blocks

! Convolution 

! max pooling

ywteh
Slide Credit: Yee Whye Teh



Some Examples

Slide Credit: Yee Whye Teh
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Example: LeNet

[LeCun et al 1998]
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Example: LeNet

[LeCun et al 1998]

This represents 6x28x28=4704 
hidden units structured in a 

particular way

This is just a particular 
(sparse) way of setting 
up the weight matrix

This is a slightly 
different local operation 
than we have seen so far
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Example: LeNet

Inputs 
D=1024 

h1 
4074 
units

h2 
1176 
units

h3 
1600 
units

h4 
400 
units

h5 
120 
units

h6 
120 
units

Output 
D=10
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Inputs 
x

h1 h2 h3

h4

Output 
y
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h1,1

x

h1,2

h1,6 h2,6

h2,2

h2,1

h3,1

h3,2

h3,3

h3,4

h3,11

h3,12 h4,12

h4,11

h4,4

h4,3

h4,2

h4,1

h5 h6 ŷ

Conv Max 
Pool Conv Dense

Dense Dense

LeNet (with some 
small modifications).  

Each h represents a 
collection of hidden 
units. Each line is a 
computation of the 
type of that layer.  

For example, h1,1 is 
convolution of x 

(we’ll come back to 
what this means 

later).  

Max 
Pool
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Inputs 
x

h4

Output 
yh1,1

h1,2

h2,1

h2,2

h3,1

h3,2

h3,3

h3,4

h1 h2

h3
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Example: GoogleNet

[Szegedy et al 2014]
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Deep Neural Networks
• The underlying principle behind deep learning approaches is that 

deeper networks allow us to learn more complex representations 
• Effectively, we can think of deep networks as simultaneously 

learning complex features to represent inputs and how make 
predictions given these features 

• Having multiple layers allows for more complex mappings of the 
inputs than shallow networks with the same number of hidden units, 
and thus more complex features and in turn more complex 
predictive models. 

• Unfortunately, a lot of this motivation stems from high-level 
intuition and empirical evidence, rather than first principles maths 
– Theory on deep learning massively lags behind the practice



Deeper Layers can Detect More Complex Features



Deeper Layers can Detect More Complex Features

[Right] 9 images that produce the highest activation for a number of different neurons

[Left] Visualisations of what is triggering that activation in each case

Layer 2

Note these are from a CNN (more details later)
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Deeper Layers can Detect More Complex Features

[Right] 9 images that produce the highest activation for a number of different neurons

[Left] Visualisations of what is triggering that activation in each case

Note these are from a CNN (more details later)
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The Success of Deep Learning
• Success of deep learning is primarily based on: 
– Empirical prowess of large many-layered neural networks for 

problems where we have a huge amount of data, even when 
we only train to local optima 

– Flexibility of general framework to come up with highly 
customised architectures tailored to specific tasks 

– Automatic differentiation making models and their 
corresponding training schemes easy to construct 

– Effectiveness of stochastic gradient schemes in allowing us to 
successfully train huge networks 

– Suitability of these computations to running on GPUs allowing 
for big speed ups (10-100 times faster than on CPU)
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Training
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Training
• The empirical risk for the network is a function of the weights, the 

biases, and the data: 
 
 
 
 
where L is our loss function, r is a regulariser, and     is a hyper 
parameter controlling the level of regularisation. 

• Deep learning methods are almost exclusively trained using gradient 
methods, for which we need to find (or at least estimate)

Remp =
1

n

nX

i=1

L
�
W 1:L, b1:L, xi, yi

�
+ �r

�
W 1:L, b1:L

�

�

@Remp

@W `
and

@Remp

@b`
8` 2 {1, . . . , L}



Backpropagation
Ensembles: Bootstrapping, Bagging, and Random Forests Random Forests

Backpropagation
Deep learning methods are trained using backpropagation methods just
like simple neural networks
Idea is exactly the same: just carefully apply the chain rule
Denote h

0 = x and h
L+1 = y. Let h

¸
ij denote the value of the j

th unit of
the ¸

th layer when given input xi, and let w
¸ and b

¸ denote an arbitrary
weight and bias in the ¸

th layer respectively. We can now express our
backpropagation rules as follows:
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ˆw¸
= ⁄

ˆr

ˆw¸
+ 1

n

nÿ

i=1

ÿ

j

ˆL(xi, yi)
ˆh¸

ij

ˆh
¸
ij

ˆw¸
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ˆb¸
= ⁄

ˆr

ˆb¸
+ 1

n

nÿ
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j

ˆL(xi, yi)
ˆh¸

ij

ˆh
¸
ij

ˆb¸

ˆL(xi, yi)
ˆh¸

ij

=
ÿ

k

ˆL(xi, yi)
ˆh

¸+1
ik

ˆh
¸+1
ik

ˆh¸
ij

Note a lot of terms are often clearly zero and can be omitted, but for
complex mappings (e.g. convolutions) it can often be easiest to write
down this full form and then remove any terms we don’t need.58



Gradient Descent
Ensembles: Bootstrapping, Bagging, and Random Forests Random Forests

Gradient Descent

Letting ◊ , {W
1:L

, b
1:L} and f◊(x) the application of the network to input

x, our problem is of the from

◊
ú = argmin

◊

1
n

nÿ

i=1
L(yi, f◊(xi)) + ⁄r(◊)

To train a network we need to use gradient descent methods, i.e. we
apply the iterative procedure

◊
(t+1) = ◊

(t) ≠ ‘tÒ◊

A
1
n

nÿ

i=1
L(yi, f◊(xi)) + ⁄r(◊)

B

where ‘t for which there are lots of effective clever strategies and in
general we require that the Robin’s Monro conditions are satisfied:

Œÿ

t=1
‘t = Œ,

Œÿ

t=1
‘

2
t < Œ

59



Stochastic Gradient Descent
Ensembles: Bootstrapping, Bagging, and Random Forests Random Forests

Stochastic Gradient Descent

The problem with this approach is that n is typically extremely large, such
that carrying out these updates is typically infeasible
Thankfully, we can fall back on a much more cost-effective strategy:
stochastic gradient descent (SGD)
SGD is very simple: we just make updates based on a minibatch of data
Bt µ {1, . . . , n}, rather than the full dataset:

◊
(t+1) = ◊

(t) ≠ ‘tÒ◊

A
1

|Bt|
ÿ

iœBt

L(yi, f◊(xi)) + ⁄r(◊)
B

This still converges provided that the minibatches are set up in a way that
the ensures all datapoints are fed to the algorithm the same amount on
average (e.g. by uniformly drawing Bt from {1, . . . , n} at each iteration or
looping through the data using “epoch”, where one epoch is one pass
through the dataset).
Updates are now O(|Bt|) instead of O(n)
There are lots of extensions of this approach, such as introducing
momentum

60



Automatic Differentiation (AutoDiff)
• Many modern systems can calculate 

derivatives for you automatically, even 
for large complex programs 

• In practice you never need to manually 
calculate network derivatives (except in 
exams!) 

• These systems use a technique called 
automatic differentiation (AutoDiff) 

• AutoDiff is exact (i.e. it is not a 
numerical approximation) but is not 
symbolic (it is scalable, symbolic 
approaches aren’t) 

• Two different forms: 

• Forward mode AutoDiff 

• Reverse mode AutoDiff 

https://www.cs.ox.ac.uk/teaching/courses/2019-2020/advml/
Check out Dr Baydin’s very good slides from the Computer Science Advanced ML course:

SB2b/SM4 - Deep Learning

Deep Learning Infrastructure

! Computational Infrastructure critical to deep learning (and ML): 

! software instructures allow easy building of neural networks, automating 
away most low-level operations. 

! hardware allows fast training, and scalable productionisation. 

!Culture of sharing code via open source releases.  

! large datasets and difficult, shared, challenges pushing frontier forward.

ywteh

https://www.cs.ox.ac.uk/teaching/courses/2019-2020/advml/
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Forward function calculations in blue

Reverse derivative calculations in red ϱϪ
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Backpropagation is Reverse Mode AutoDiff

Slide Credit: Gunes Baydin

Forward function calculations in blue

Reverse derivative calculations in red
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Backpropagation is Reverse Mode AutoDiff

Slide Credit: Gunes Baydin

Forward function calculations in blue

Reverse derivative calculations in red

Presume we want to 
calculate derivatives for y1
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Backpropagation is Reverse Mode AutoDiff

Slide Credit: Gunes Baydin

Forward function calculations in blue

Reverse derivative calculations in red

Presume we want to 
calculate derivatives for y1
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Backpropagation is Reverse Mode AutoDiff

Slide Credit: Gunes Baydin

Forward function calculations in blue

Reverse derivative calculations in red

Presume we want to 
calculate derivatives for y1
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Backpropagation is Reverse Mode AutoDiff

Slide Credit: Gunes Baydin

Forward function calculations in blue

Reverse derivative calculations in red

Presume we want to 
calculate derivatives for y1
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The Deep Learning Pipeline
1. Get hold of some (or ideally a lot of) data and computing resources, 

ideally GPUs or even TPUs (Google Colabs is good if you haven’t got much 
compute yourself) 

2. Establish what you want to predict, choose a loss function and decide 
whether to use any regularisation (e.g. dropout, weight decay)  

3. Using a deep learning system like Tensorflow or PyTorch, construct an 
architecture using the aforementioned building blocks (or choose a 
standard off-the-shelf variant), i.e. a differentiable parameterised 
function from inputs to predictions 

4. Choose a stochastic gradient descent scheme to train with 

5. Let it train until the empirical risk converges 

6. Tune hyperparameters / update architecture if necessary 

7. Deploy the learned network
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Example Architecture: 
Convolutional Neural Networks 

(aka ConvNets, CNNs)
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CNNs: Why Should I Care?

[Russakovsky et al. ImageNet Large Scale Visual Recognition Challenge. IJCV. 2015]
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Applications — Object Detection

)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ $SULO���������/HFWXUH����)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH���� $SULO�����������

)DVW�IRUZDUG�WR�WRGD\��&RQY1HWV�DUH�HYHU\ZKHUH

>)DVWHU�5�&11��5HQ��+H��*LUVKLFN��6XQ�����@

'HWHFWLRQ 6HJPHQWDWLRQ

>)DUDEHW�HW�DO�������@
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Applications — Segmentation

)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ $SULO���������/HFWXUH����)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH���� $SULO�����������

)DVW�IRUZDUG�WR�WRGD\��&RQY1HWV�DUH�HYHU\ZKHUH

>)DVWHU�5�&11��5HQ��+H��*LUVKLFN��6XQ�����@

'HWHFWLRQ 6HJPHQWDWLRQ

>)DUDEHW�HW�DO�������@
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Applications — Face Recognition

[Murray 2017]
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Applications — NLP

Source of image: 
http://citeseerx.ist.psu.edu/viewdoc/downlo
ad?doi=10.1.1.703.6858&rep=rep1&type=p
df

?
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Convolutions
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Credit: https://cs.uwaterloo.ca/~mli/Deep-Learning-2017-Lecture5CNN.ppt
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Convolutions
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Convolutions
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Convolutions
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Convolutions for Image Processing
Image Convolution Examples Image Convolution Examples Image Convolution Examples 

Gaussian  
Convolution

* =

Credit: Frank Wood
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Convolutions for Image Processing

Emboss 
Filter

* =

Image Convolution Examples 

http://setosa.io/ev/image-kernels 

2

4
�2 �1 0
�1 0 1
0 1 2

3

5

Image Convolution Examples 

Credit: Frank Wood
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Convolutions for Image Processing
3D Convolution 3D Convolution 

Sharpen Blue 
Channel

Credit: Frank Wood

2

4
0 �1 0
�1 5 �1
0 �1 0

3

5



3D Convolution 
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3D Convolution Image Convolution Examples 
Image Convolution Examples 

http://setosa.io/ev/image-kernels 

3D Convolution 
3D Convolution 

3D Convolution 

Learn 
filtersInput Layer Hidden Layer 1 (before 

applying activations)



p✓(y|x)p✓(x)
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Max Pooling0D[�SRROLQJ�KDYH�VRPH�LPSRUWDQW�SUREOHPV
� (YHQ�LI�ZH�ZDQW�RXU�ILQDO�UHVXOWV�WR�EH�

SRVLWLRQDOO\��ZH�PD\�QHHG�SRVLWLRQDO�
LQIRUPDWLRQ�LQ�WKH�HDUOLHU�UHSUHVHQWDWLRQV

� 2QO\�D�VPDOO�SDUW�RI�WKH�QHWZRUN�LV�XSGDWHG�
ZLWK�JUDGLHQWV�HDFK�VWHS��OHDUQLQJ�VORZHU�

� :H�FDOFXODWH�D�ORW�RI�YDOXHV�WKDW�LV�QRW�
³XVHG´

Credit http://cs231n.github.io/convolutional-networks/ 
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Conventional CNNs are a mixture of convolutional layers, 
max pooling layers, and fully connected layers

SB2b/SM4 - Deep Learning

Convolutional Networks (Convnets)

! Both filter banks and layers are 4D tensors (arrays of numbers).

ywteh
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Why convolutions + max pooling?

• Convolutions often provide good 
representations, particularly for images

Filter Banks 

• To characterize context, we used to use filter bank like ͞MRϴ͟: 
– 1 Gaussian filter, 1 Laplacian of Gaussian filter. 
– 6 max(Gabor) filters: 3 scales of sine/cosine (maxed over orientations). 

 
 

 
 
 
 

• Convolutional neural networks are now replacing filter banks. 
http://www.robots.ox.ac.uk/~vgg/research/texclass/filters.html 

Credit: Frank Wood
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Why convolutions + max pooling?
• Massively reduce number of parameters stored 

in memory and computations need to carry out 
• Restricts towards networks we expect to be 

effective: can also help for avoiding overfitting
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Why convolutions + max pooling?

• Computational savings allow us to go 
deeper: 

[GoogleNet. Szegedy et al 2014]
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Why convolutions + max pooling?

• Naturally introduce spatial invariances

“upper-left 
beak” detector

“middle beak”
detector

They can be compressed
to the same parameters.

Credit: https://cs.uwaterloo.ca/~mli/Deep-Learning-2017-Lecture5CNN.ppt
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CNNs Take Homes
• CNNs are very powerful machine learning tool with a 

lot of successful applications, particularly for image 
data 

• They work by using a series of convolution and max 
pool layers to try and learn features, before having a 
number of fully connect layers to do the final 
prediction 

• They are effective because they form a principled 
means of designing large networks without exploding 
the number of parameters
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Other Cool Applications  
(not examinable)



Slide Credit: Dan Klein and Pieter Abbeel



Slide Credit: Dan Klein and Pieter Abbeel



Slide Credit: Google AI Research Blog

Machine Translation
Google Neural Machine Translation (in production)



Artificial  
Intelligence

Deep 
Reinforcement 
Learning
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Deep Generative Models

Glow: Generative Flow

with Invertible 1⇥1 Convolutions

Diederik P. Kingma
*†

, Prafulla Dhariwal
⇤

*OpenAI
†Google AI

Abstract

Flow-based generative models (Dinh et al., 2014) are conceptually attractive due to
tractability of the exact log-likelihood, tractability of exact latent-variable inference,
and parallelizability of both training and synthesis. In this paper we propose Glow,
a simple type of generative flow using an invertible 1⇥ 1 convolution. Using our
method we demonstrate a significant improvement in log-likelihood on standard
benchmarks. Perhaps most strikingly, we demonstrate that a flow-based generative
model optimized towards the plain log-likelihood objective is capable of efficient
realistic-looking synthesis and manipulation of large images. The code for our
model is available at https://github.com/openai/glow.

1 Introduction

Two major unsolved problems in the field of machine learning are (1) data-efficiency: the ability to
learn from few datapoints, like humans; and (2) generalization: robustness to changes of the task or
its context. AI systems, for example, often do not work at all when given inputs that are different

⇤Equal contribution.

32nd Conference on Neural Information Processing Systems (NeurIPS 2018), Montréal, Canada.

Figure 1: Synthetic celebrities sampled from our model; see Section 3 for architecture and method,
and Section 5 for more results.

Kingma and Dhariwal. Glow. NeurIPS 2018 



Deep Fakes

Example Applications: Deep Fakes

Which image is real?

DeepFakes

Which image is real?

Images credit: Stefano Ermon and Aditya Grover

22



Deep Fakes

Example Applications: Deep Fakes (2)

DeepFakes
Neither!

No glasses! No smile!

Images credit: Stefano Ermon and Aditya Grover 23
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https://talktotransformer.com/

Sentence Generation

https://talktotransformer.com/
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Further Resources 
• Deep learning book (free online version): https://

www.deeplearningbook.org/ 
• Coursera machine learning course: https://www.coursera.org/

learn/machine-learning#syllabus 
• Stanford deep learning course: http://cs231n.stanford.edu/ 

• Advanced topics in machine learning course from Computer 
Science: https://www.cs.ox.ac.uk/teaching/courses/
2019-2020/advml/ 

• Tensorflow https://www.tensorflow.org/tutorials/ and PyTorch 
tutorials https://pytorch.org/tutorials/  

• Google Colab: colab.research.google.com 

https://www.deeplearningbook.org/
https://www.deeplearningbook.org/
https://www.coursera.org/learn/machine-learning#syllabus
https://www.coursera.org/learn/machine-learning#syllabus
http://cs231n.stanford.edu/
https://www.cs.ox.ac.uk/teaching/courses/2019-2020/advml/
https://www.cs.ox.ac.uk/teaching/courses/2019-2020/advml/
https://www.tensorflow.org/tutorials/
https://pytorch.org/tutorials/
http://colab.research.google.com


Fin! 
Thanks for listening


