Principles of neural network
design
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Human brains as metaphors of statistical models

Biological analogies

The visual cortex of
mammals

Multiple sensing
channels

Memory and attention

instantiations

Machine learning
i

Deep convolutional neural
networks

Multimodal neural networks

LSTMs and GRUs
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Neural Networks For Computer Vision




Neural Networks in Computer Vision

Neural networks for classification of handwritten digits
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E Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.




Learning Mechanism: Correction of Mistakes

Nature used a single tool to get to today’s success: mistake
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Modularity Is Back-Prop’s Perk for Software Eng.

Back-propagation is a recursive algorithm

This module provides function(), commonly accessed as

theano.function, the interface for compiling graphs into
callable objects.

DimShuffle{x} id=1

1 TensorType(int8, (True.))/0

Elemwise{mulno_inplace)

1 TensorType(int8, (True,)) /0 TensorType(float64, vector) \0 TensorType(float64, vector)

Elemwise{add no_inplace} id=5 Elemwise{add.no_inplace}

0 TensorType(float64, vector) 1 TensorType(float6d, vector)

Elemwise{add no_inplace} id=6 _

You've already seen example usage in the basic tutorial...
something like this:

1 TensorType(int8, (True.,))

22r X

33> F_ [x]
55> printﬂd} / \ # pr‘ints 8.0

output

theano.tensor.dscalar()
theano. function([x], 2*x)

input




Image Classification
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Successful Architecture In Computer Vision

An example of a wide network: AlexNet
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Understanding What Happens Within A Deep NN

Examining convolution filter banks Examining activations
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Determining A Neuron’s Speciality

Images that triggered the highest activations of a neuron:
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Another Successful Architecture For CV
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ILSVRC top-5 error on ImageNet
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Recurrent Architectures




Learning To Leverage Context

Memory in Recurrent Architectures: LSTM (Long Short Term Memory Network)

Input X, output y, context c (memory)
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Other recurrent architectures

Gated recurrent units:

2t = O (Wz ' [ht—lnxt])
Tt = U(Wfr ' [ht—laxt])
ilt — tanh (W . [T’t X ht_l,il?t])

htz(l—zt)*ht_l—kzt*ﬁt
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Why Is Context Important?

In language, most grammars are not context free

End-to-end translation, Alex Graves

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)

Ssample

Mechanism

N

"(,1) weight
N O OF-OHORO-0
OO OO OO0

wth

¢ = (Economic has, slowed, down, in, recent, years, .

Economic growth has slowed down in recent years

N T

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .
Economic growth has slowed down in recent vyears

AN A

La croissance économique s' est ralentie ces derniéres années .




Context Is Also Important In Control

Remembering what just happened is important for decision making

All of these bikes are
in the driver’s blind spe




Memory is necessary for localization

Latest experiment in asynchronous deep RL: LSTMS for maze running

Memory comes at a cost: a lot of RAM or VRAM is necessary
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Conclusion: the distributed brain




Interaction is crucial in enabling Al

AlphaGo Overview

Policy Network

Fast Policy Network

Reinforcement Learning
Policy Network
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Value Network

basedon: Siver, D. et al. Nature Vol 529, 2016
copyright:  Bob van den Hoek, 2016

Expert Games

130 000 Games
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Supervised Learning
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Playing versus computers before beating humans

Evaluating current AlphaGo against computers
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Bootstrapping by interaction

Why would two androids casually chat one with another?




The distributed brain at the edge

Distributed RL is reminiscent of the philosophical omega point of knowledge

We are not human beings having a spiritual
experience; we are spiritual beings having a human
experience.

(Pierre Teilhard de Chardin)




Multiple Input Neural Networks




Multi Inputs For Inference
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Softmax

Multiple Input Control

Fully connected layer

Multiplexing Inputs

Fully connected layer

[ Concatenated output J




Multiplexing In The Human Brain

Frontal lobe
Executive functions,
thinking, planning,
organising and
problem solving,
emotions and
behavioural control,
personality

Motor cortex
Movement

Temporal lobe
Memory, understanding,
language

Sensory cortex
Sensations

Parietal lobe

Perception, making
sense of the world,
arithrmetic, spelling

““yOccipital lobe
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