So what is this thing called
“Deep Learning” anyway?

Mark Huckvale
Speech, Hearing and Phonetic Sciences



Deep Learning




-

Sirapl »

S






file:///C:/Users/Mark/Google Drive/talks/AlphaGo Zero_ Starting from scratch.mp4

Speech and Language

* Image captioning

— https://www.captionbot.ai/
 Machine translation

— https://translate.google.com/
* Spoken dialogue

— https://ai.googleblog.com/2018/05/duplex-ai-system-
for-natural-conversation.html
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1950s: Perceptron
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1980s: Multi-Layer Perceptron
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“Back propagation of error”
Rumelhart, Hinton, Williams, 1986



Deep Neural Networks

2010s
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Christian Szegedy, et al., Going Deeper with Convolutions, 2014



DNN Synergy

improved optimisation algorithms

more machine-readable data

faster computers (parallel computing)
open-source data, tools, models & recipes

open competitions with standard training data,
test data and evaluation criteria

— https://www.kaggle.com/competitions



https://www.kaggle.com/competitions

Deep Learning Characteristics

Tackles real-world problems

Relies less on human domain expertise

“End-to-end” processing
Exploits a hierarchy of abstraction
State of the art performance on many tasks



DL Problem Types

Classification
— image recognition, sentiment analysis
Regression
— house prices, power consumption
Planning
— autonomous driving, game playing
Modelling
— word semantics, language modelling, time series prediction
Transformation
— language translation, speech recognition, speech synthesis



Dense Network
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Convolutional Network
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Recurrent Network
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Adversarial Network
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https://youtu.be/G06dEcZ-QTg

DL Tools

e Python programming language
* TensorFlow machine learning toolkit

o

* Jupyter project notebooks
jupyter

@, python’ f upyte

TensorFlow @




TensorFlow
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Functions (i.e. networks) are expressed as computational graphs

e=(a+b) * (b-1)

a = tf.placeholder(tf.float32)
b = tf.placeholder(tf.float32)

c = tf.add(a, b)
d = tf.sub(b, 1)
e = tf.mul(c, d)




TensorFlow

Computational instructions as graph
Matches neural network computation
Allows for distributed and parallel computation
Automatic differentiation
y = f(x) =2 dy/dx =f'(x)
High-level toolkits

Keras




DL Example

e Classification of hand-
written digits (MNIST)

e Google Colaboratory

— Jupyter notebook
hosted by Google
backed by GPU

VA EeHLWN~O
DA AN -0
LN UYMW ~0O

DA G LCUWN -~

D~ ooy —Q

LD~y ponLwh N0
2 o I SV owN N
DN T LAY -0

LoD g PdPNYN
o9 I N AR wWh~0D


https://colab.research.google.com/github/csc-training/intro-to-dl/blob/master/day1/keras-mnist-mlp.ipynb
https://colab.research.google.com/github/csc-training/intro-to-dl/blob/master/day1/keras-mnist-mlp.ipynb

DL Getting Started

* Python
— Lynda.com Hands-On

. . : Machine Learning
Machine Learning with Scikit-Learn
— Géron, Hands-on machine M‘Nﬂy_

learning with Scikit-Learn and
TensorFlow, O’Reilly 2017.

e Tutorials
— Hvass-Labs TensorFlow-Tutorials

Aurélien Géron




Artificial General Intelligence

Does deep-learning solve the problem of AGI?
s deep learning a step in the direction of AGI?

Deep learning is inspiring advances in:
— multi-task learning

"The role of FAIR is to advance the science and the

— Iong_te rm memo ry technology of Al and do expe.rlm.ents t.hat demonstrate
that technology for new applications like computer

- |0g|Ca| Infe rence vision, fj!alogue systems, virtual aSS|stants:, speech
recognition, natural language understanding,

_ On_l ine Iea rni ng translation, things like that," Yann Lecun, Chief Al

Scientist, Facebook, 2016.




Summary

* Deep learning is a practical technology for
machine learning providing state of the art
performance on many tasks

* Deep learning does not of itself solve Al

e But its success encourages further research
into the challenges of Al



