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What is a neural network?

Definition: A computational model inspired by biological neurons.

Biological Neuron Artificial Neuron
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What is a neural network?

Pros
e State-of-the-art on many tasks
* Qutperform humans
* Offload feature engineering
* Modular software (e.g., TensorFlow, pyTorch, Keras)

Cons
* Black box
* Requires lots of data and processing power
* Artificial neurons are unrealistically simple
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A Brief History

Deep Neural Network
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A Brief History
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A Brief History
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Perceptron
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Perceptron
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A Brief History

Multi-layered
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Applications — Image Classification

Convolutional Neural Network
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Convolutional Neural Network

 Convolution

Applications — Image Classification
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Applications — Image Classification

Convolutional Neural Network

 Convolution

* Nonlinear Activation

Sigmoid
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Applications — Image Classification

Convolutional Neural Network

 Convolution

* Nonlinear Activation
* Pooling (down sampling)
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Applications — Image Classification

Compete against machine learning to predict member’s age

Convolutional Neural Network CatBoost
IMDB-WIKI Dataset (500k+ facial images) Speed Dating Data (2002-2004, 8000+ records)
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training
example
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Applications — Image Classification

Compete against machine learning to predict member’s age

27.2 424
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Applications — Image Classification

20.2 20.6 20.7 20.9 23.0

46.4 47.6
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/3AMd62EG/

content style
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Applications — Neural Style Transfer

Problem Formulation
X, = content image
x; = style image

X = output image

content style

minimize L;,¢q; (X, Xg, X)
X

Leotar(Xc, X5, X) = Leontent (e, X) + Lstyle (x5, %)
minimize with gradient descent: X « X + aV L ,1q41(X;, Xs, X)
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Applications — Neural Style Transfer
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Applications — Neural Style Transfer
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Applications — Neural Style Transfer

Gradient Descent

XX+ a[VLcontent(xc»xsrf) + VLStJ’le (xs) 55)]

iteration: 100
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Applications — Neural Style Transfer

High Level Theory

Leontent (X, X)  + Lstyie (x5, X)
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/fOrgrVR8/

content style

9/26/2017 27



Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/JYHGsxI41/

content
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/VNuNaYbU/

content
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/4woyLt0B/

content
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/fREjk8nP/

content
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/G5CWntgd1/

content
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Applications — Neural Style Transfer

Deep Art - https://deepart.io
https://deepart.io/img/ZkujbVDb/

content style
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Applications — Language Modeling

Recurrent Neural Networks (RNN)
Many to One

y hy = fW(ht—la wt) y

i
R - [ g
r /T “ T
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Applications — Language Modeling

Recurrent Neural Networks (RNN)
Many to Many

y Y, Y, Y, Yt
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Applications — Language Modeling

Recurrent Neural Networks (RNN)

One to Many
y Ys Y3 Y3 Yr
A 1 T
o hn—hfw—-h1—hfw—hh2—-fw—hh3—- —I-h_l_
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Applications — Language Modeling

Long Short Term Memory (LSTM)
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Applications — Language Modeling

Pidgin Bible
* http://www.pidginbible.org/Concindex.html
e 15,891 verses 2.5 million characters (59 unique characters)

e Sample verses:

02.7.3 But firs | goin make da Pharaoh guy hard head. Even | goin do
plenny awesome tings fo erybody see, hea inside da Egypt land.

16.7.72 Da odda peopo give 20,000 gold coin, 2,500 pound silva, an
67 robe fo da pries guys.
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Applications — Language Modeling

Generated Pidgin Bible Text

i wen to da hawaii machine learning meetup to see the peopo dat
talk about da bad kine stuff dat god wen tell um fo do. da guy dat goin
come back alive on top da boy dat tell um, “you guys goin go look
jalike da boss jesus.

...hand to da sky, fo make um come dark all ova da egypt land, i goin
stay ready fo do da right ting an say, “i no can do real nice fo da guys
dat stay alive, an da big strong peopo dat wen go back an go outside
da sky, an same ting dat get plenny love an aloha...
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Applications — Other Applications

More Applications & Techniques
* Machine translation

* Image segmentation

* Autoencoders

 Word embeddings

* Image captioning
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Applications — Other Applications

More Applications & Techniques

* Machine translation One to many: Produce output

sequence from single input vector
Many to one: Encode input
sequence in a single vector y
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Applications — Other Applications

More Applications & Techniques
* Machine translation
* Image segmentation (masking)

64+128 64 64 3
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‘ 128 256 256+512 256
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Applications — Other Applications

More Applications & Techniques

* Machine translation s ST

* Image segmentation

{b) Segmentation results
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Applications — Other Applications

More Applications & Techniques

e Machine translation

Compressed Data

* Image segmentation

e Autoencoders
* Feature engineering

* Dimensionality
reduction Original

* Anomaly detection ~ 'mage
* Binary classification Encode Decode

Reconstructed
Image
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Applications — Other Applications

More Applications & Techniques

* Machine translation aloha lvespeck -
fadda - stuffs «
* Image segmentation gnt - Pianny -
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jalike * get *mo -
* Autoencoders ':": . 900d ez .
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Applications — Other Applications

More Applications & Techniques

e Machine translation END

“Straw" “hat”

* Image segmentation
e Autoencoders
 Word embeddings

* Image captioning i CNN,,

7

- O

[

START “straw” “hat”
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Resources

e N@Ural Network
@ Backfedinput Ce u ra W r s Deep Feed Forward Markov Chain Hopfield Network Boltzmann Machine Restricted Boltz. Ma. Deep Belief Network
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Deep Residual Network Support Vector Machine Neural Turing Machine

SN b

48

9/26/2017



Resources

Mostly Free Online Courses

* Coursera:
Neural Networks for Machine Learning by Geoff Hinton
Neural Networks and Deep Learning by Andrew Ng (not free)

* YouTube:
Deep learning at Oxford 2015 by Nando de Freitas
Convolutional Neural Networks for Visual Recognition by Stanford
Natural Language Processing with Deep Learning by Stanford

* Udacity: Deep Learning by Google

e fast.ai: Deep Learning Part 1,2 by Jeremy Howard
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https://www.coursera.org/learn/neural-networks
https://www.coursera.org/learn/neural-networks-deep-learning
https://www.youtube.com/playlist?list=PLE6Wd9FR--EfW8dtjAuPoTuPcqmOV53Fu
https://www.youtube.com/playlist?list=PL3FW7Lu3i5JvHM8ljYj-zLfQRF3EO8sYv
https://www.youtube.com/playlist?list=PL3FW7Lu3i5Jsnh1rnUwq_TcylNr7EkRe6
https://www.udacity.com/course/deep-learning--ud730
http://www.fast.ai/

Resources

e Convolutional Neural Networks
nttp://cs231n.github.io/convolutional-networks/
nttps://github.com/asmith26/wide resnets keras
nttps://Imb.informatik.uni-freiburg.de/people/ronneber/u-net/

* Neural Style Transfer
https://arxiv.org/abs/1508.06576
https://github.com/lengstrom/fast-style-transfer

* Recurrent Neural Networks
nttp://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://github.com/tensorflow/nmt/blob/master/README.md
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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http://cs231n.github.io/convolutional-networks/
https://github.com/asmith26/wide_resnets_keras
https://lmb.informatik.uni-freiburg.de/people/ronneber/u-net/
https://arxiv.org/abs/1508.06576
https://github.com/lengstrom/fast-style-transfer
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://github.com/tensorflow/nmt/blob/master/README.md
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Resources

* Hawaii Machine Learning Website
* https://hawaii-ml.github.io/
* Previous meetup’s slides

 hawaii-ml Slack

* Future Meetups
e Convolutional Neural Networks
e Recurrent Neural Networks

* PyHawaii TensorFlow presentation
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https://hawaii-ml.github.io/P

Conclusion

Share your Experiences Machine Learning in R
* Do you have experience using Chris Sugai
neural nEtS? ° Why not Excel?
* Do you know of any interesting * Tidyverse
applications not mentioned yet? e data.table
 What applications of neural nets do * R Markdown

you want to hear about at future

meetups? Machine Learning in Python?
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