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https://youtu.be/VlieYniJORnk?t=24s

Deep Learning for Games
DeepMind Deep Q-Learning

just by receiving the pixels on the
screen with the goal to maximize the score (Reinforcement Learn




Deep Learning for Games

DeepMind Deep Q-Learning

Convglution Convgluiion Fully covnnected

g
<
8
‘:
3
@
%

e
! N input |
 SEEe . 3 4 L et

o \
‘n / . L] .
j EE D E rr D 3 ! i 3 II “
| = O \ |
.l’ E ;., / .".l . .\'. l‘l
\ \
frodh U | L L] \‘ \ “
g [/ \ \
5] / L TN ] ' W
“UD E"f"|:i P\ S g
- I 14 \
g [/ \ \ NN
E {1/ / o A\ e o \.‘\". n
i ] e . W
3 g D . __;‘P o N “
?1\ A —
] L] ] /
Ll\ N A4 g
N N L I « S/ ESe
b g\ N Ry )
'|‘ \ BN N e | * /N ER
\ D' o B \\ D o A « /
\\ = o A\ r il !
\ g \ o [/ » s // B
b = \ !/ /A p
\\ . \ N e/ . s/ N0
“ EED E I-\ D i I.l! ! ) -

Deep Q-Learning (DQN) is a model-free approach to reinforcement learning
using deep networks in environments with discrete action choices



Deep Learning - Basics

DeepMind Deep Q-Learning

Policy distillation: Extracts the learned state (pol r’cy) of a
- reinforcement Iearnmg agent (feacher) and trains a new

network (student) that performs at the expert Ie*:e' Wh|le

being dramahcally smaller and more efficient.

3 oo e
i Online Data Collection : Supervised Policy Training i i Online Data Collection § Supemsed Pollcy Tralnlng
Target Py bl i d
DN (T Output. Distillation Output Distillation
Loss
Supervision Repiay Wamo Supervision
Replay i
Input States, Memoary Pl
Game Labels & I 4
Target Outputs . "
Policy Net (Student) ]
it State & gy P (Student)
Game Label !
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Single-task policy distillation Multi-task polu y distillation



Deep Learning for Games
Open Environments — Deep Mind Lab




Deep Learning for Games
Open Environments — Open Al Universe




https://deepmind.com/research/alphago/

Deep Learning for Games
DeepMind AlphaGo
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AlphaGo

Google DeepMind

History is made: Google's against Go champion Lee Sedol




Deep Learning for Games

DeepMind AlphaGo
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29 Demis Hassabis

Just been told 60m viewers watched the first
match online just in China! 100m+ worldwide
inc. TV, 3300 news articles just in Korea.

Amazing!
o
%
5 AlphaGo could learn the game by
3 examining thousands of human Go
o moves, and then it could master the
3 game by playing itself over and over
ik and over again. Theresultis a

* system of unprecedented beauty.
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Deep Learning in Computer Vision
Image Segmentation
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Deep Learning in Computer Vision

Image Captioning

Neural Image Caption

- A group of people .
. La IR T T
De:‘:‘g“NN Genoratng| |ShOPPINg at an Generator generates fitting
RNN_ | joutdoor market. | ngtural-language captions
4 @ Therearemany | ONly based on the pixels by
vegetables atthe | combining a vision CNN and
fruit stand. a language-generating RNN.

o

A close up of a child holding Two pizzas sitting on top of A man flying through the air
a stuffed animal a stove top oven while riding a skateboard



Deep Learning in Computer Vision
Image Captioning v2

A brown bear is swimming in the water. A train that is sitting on the tracks.

A blue and yellow train
traveling down train tracks.

Acute little ELEE walking next 1o a
drawn on a sandy 5 little on top of a




Deep Learning in Computer Vision
Image Compression

Image compression with Residual Gated Recurrent Unit (Residual GRU).
Left: Ongmdl H419KB PNG), Center: JPEG (33KB), Right: Residual GRU (24KB).
=> 25% smaller for comparable image quality.




Deep Learning in Computer Vision
Image Localization

Photo CC-BY-NC by edwin.11
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PlaNet is able to determine the location of almost any image with superhuman ability.

Photo CC-BY-NC by steveke



Deep Learning in Computer Vision

Image Transformation — 2D-to-3D

Deep3D can automatically convert
image/video from 2D-t0-3D with
Convolutional Neural Networks. It
learns to infer 3D representations of
the world based on training set of 3D
movies.

Anaglyph 3D output

Input 2D image

Deep3D Side-by-side 30 output



Deep Learning in Computer Vision
Image Sharpening

DCGAN architecture to u > and sharpen an image with features that are
plausible based on the dataset that was used to tram the neural net.



Deep Learning in Computer Vision
Image Completion

Image completion with deep convolutional generative adversarial networks (DCGAN).
The centers of these images are being automatically generated.




Deep Learning in Computer Vision
Image Transformation — Adding features

Mouth Eyes
Older Open Open  Smiling Moustache Glasses

Performs high-level semantic transformations on images like "make

older/younger’, "make bespectacled’, "add smile”.



Deep Learning in Computer Vision
Image Colorization

Given a gravscale photograph as mput thlq Convolutmndl Neural N@tworl« tackles
the problem of | nating a plausible color version of the photograph.




Deep Learning in Computer Vision
Image-to-Image Translation

Labels to Street Scene Labels to Facade BW to Color
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Image-to-Image Translanon W|th Cond|t|onal Adversamal Nets. This approach can
be applied as a generic solutions to any Image-to-Image translation problem such
as synthesizing photos from Iabel maps reconstructmg objects from edge maps,
and colorizing images.



Deep Learning in Computer Vision
Video Sequence Prediction
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PredNet a deep con\folutmnal recurrent neural network that
> ' >. These networks are able to robuatly Iearn

to predmt the movement of S\-‘ﬂ‘[h@tlc (rendered) objects.




Deep Learning in Computer Vision
Image Generation — Bedrooms

These neural networks are learning what the visual world looks like!



Deep Learning - Basics

Generative Adversarial Networks

Generator Discriminator
& § Generated Real
2 3 Example Eake
Real
FG Example FD

Generative Adversarial Networks (GANs) consist of any two networks with one tasked



Deep Learning in Computer Vision
Image Generation — Album Covers
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Deep Learning in Computer Vision
Image Generation — Fine Art




Deep Learning in Computer Vision
Image Generation — Plug & Play Generative Networks




Deep Learning in Computer Vision
Image Generation — Faces

enerating realistic s based on a selected person’s identity, emotion,
and onentatmn W|th deconvoluhon network. You give the network the
parameters of the thing you want to draw and it does it.



Deep Learning in Computer Vision
LipNet - Sentence-level Lipreading

LipNet achieves 93.4% accuracy, outperforming experienced human lipreaders
and the previous 79.6% state-of-the-art accuracy.




Deep Learning in Computer Vision

Image Generation — From Descriptions

Text descriptions Images } - & ] this small bird has a pink this magnificent fellow is
(content) (style) = ata = : breast and crown, and black almost all black with a red
; primaries and secondaries. crest, and white cheek patch.

hY
The bird has a yellow breast with grey |
features and a small beak.

T'his is a large white bird with black
wings and a red head.

A small bird with a black head and
wings and features grey wings,

This bird has a white breast, brown
and white coloring on its head and

the flower has petals that this white and yellow flower
wings, and a thin pointy beak. are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen

A small bird with white base and black T
stripes throughout its belly, head, and :
feathers.

A small sived bird thar has a cream belly 5
and a short peinted bill. :

This hird is completely red

Deep architecture and GAN formulation to t late visual concepts from
characters to pixels. We demonstrate the capab|l|ty of our model to generate
plausible |mages of birds and flowers from detailed text descriptions.




Deep Learning in Computer Vision

Image Generation - Handwriting
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Thrs LSTM recurrent neural network is able to generate highly realistic
sive he iting in a wide variety of s srmply by predlotmg one data
point at a time.



Deep Learning in Computer Vision
DeepDream — Inceptionism

u Inceptionism helps to understand and visualize what a neural
network has learned during training

“No picture of a dumbbell is complete
without a muscular weightlifter”

Let the network over
interpret whatever it
detects in a selected
layer (e.g. edges)



Deep Learning in Computer Vision
DeepDream — Inceptionism

By choosing higher level layers, more
sophisticated features or even whole

ts tend to emerge.




Deep Learning in Computer Vision
Style Transfer — morph images into paintings




Deep Learning in Audio Processing

Sound Generation

US English Mandarin Chinese
4.55
4.21 4.21
4,08
3.86
3.79
3.67
3.47

Concatlenat:lve Paranlﬂetric Wau;_lwet Humanl5peech Ccncat;enative Paranl'letric Mv:eNet Human.Speech
DeepMind'S WaveNet is able to generate speech Wh|ch mimics any human
voice and >h sounds more natural than the best ex |"J | € -Speecr

Sy st reducmg the gap with human performance by over 50%



Deep Learning in NLP

Syntax Parsing

I'Mon

Alice , who had bu.n reading about SyntaxNet , saw Bob in lhc hallway yesterday

NOUN . PRON VERB VERE YERB ADP NOUN g VERB NOUN ADP DET NOUN NOUN

SyntaxNet (Parsey McParseface) tags each word with a part-of-speech tag, and it
determmes the syntactic relationships between words in the sentence with an
94% y compared to a human performance at 96%.



Deep Learning in NLP

Generating Text

target chars: ‘&

ot linyer

To train the RNN, nsert characters sequentiz
I T N 1 W predict the probab of the next letter.

,L_ .t
= | L
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niors 7| 83 |15 [ |3\§ Backpropagate error and update RNN's weights to

=

increase the confidence of the correct letter (green)
and decrease the confidence of all other letters (red).

npul layer

dle=ece
+[oaool

input chars: *h*

The emperor travelled back to [[Antioch, Perth, October 25|21]] to note, the Kingdom
of Costa Rica, unsuccessful fashioned the [[Thrales]], [[Cynth's Dajoard]], known

in western [[Scotland]], near Italy to the conquest of India with the conflict.
Copyright was the succession of independence in the slop of Syrian influence that
was a famous German movement based on a more popular servicious, non-doctrinal

and sexual power post. Many governments recognize the military housing of the
[[Civil Liberalization and Infantry Resolution 265 National Party in Hungary]],

that is sympathetic to be to the [[Punjab Resolution]]
(PJS)[http://www.humah.yahoo.com/guardian.cfm/7754800786d17551963s89.htm]

Trained on structured Wlk|ped|a markdown Network learns to spell
completely from scratch and copy general syntactic structures.




Deep Learning in NLP

Generating Text

To generate t

=xt, we feed a character into the trained RNN and get a distribution
over what characters are likely to come next (red = likely). We sample from this

distribution, and feed it right back in to get the next letter.

WP ] ; h halclalhlelt e
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This highlighted neuron gets very excited (green = excited, blue = not excited) when
the RNN is inside the [[ ]] markdo

arkdown environment and turns off outside of it.

{&nft i
fel) [Clale!
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I

The RNN is Iikely using this neuron to remember if it is inside a URL or not.



Deep Learning in NLP

Neural Machine Translation

perfect translation

Googles Neural Machine

Trudeau two prime
ministers held its first
annual session.

gy —— neural (GNMT) Translation system based
g, phrase based (PBMT) ona deep LSTM seq2seq
z archﬁecture reduces
= translation errc maore
1 than 5 compared to
; English English English Spanish  French  Chinese tr’adltlonéﬂ approaCheS
Sp::rlish FIEII:_"I Chl':EsE Eng;lish EII@;[S“ Er\g;ish
Input sentence: Translation (PBMT): Translation (GNMT):
FwoatkiTi§EEhhn | Li Keqgiang premier Li Keqgiang will start the
MR EYEEI8H, B0 | added this line to start annual dialogue
IMEAGE B ZE4T | the annual dialogue mechanism with Prime
MESRE R EEY mechanism with the Minister Trudeau of
= Canadian Prime Minister | Canada and hold the first

annual dialogue between
the two premiers.




Deep Learning in NLP

Neural Conversational Model

—l

Human: what is the purpose of life ?
Machine: to serve the greater good .
Human: what is the purpose of living ?
Machine: to live forever

Human: what is the purpose of existence?

Machine: to find out what happens when
we get to the planet earth

Human: where are you now ?

Neural Chatbot: Predicts the
sentences in a conversation.

The LSTM remembers facts, u stands con
common sense reasoning in the tramed domam

e nex

sentence given the previous

s and performs

Machine: i ‘m in the middle of nowhere .
Human: what is the purpose of dying ?
Machine: to have a life

Human: what is the purpose of being
intelligent ?

Machine: to find out what it is.
Human: what is the purpose of emotions ?

Machine: | don 't know .

Philosophical Q&A - Network trained with OpenSubtitles (movie subtitles)



Deep Learning in Medicine

Skin Cancer Diagnoses

* Epidermal benign

* Epidermal malignant
Melanocytic benign

* Melanocytic malignant

Squamous cell carcinomas

MNewvi

e
e Ll
o

Seborrhoeic keratoses

The CNN performed just as well as almost two dozen veteran dermatologists in
deciding whether a lesion needed further medlcal attention.



Deep Learning in Medicine

Breast Cancer Diagnoses

(Al + Pathologist) > Pathologist

0.04

3.5%
0.035
0
oo 2.9%

Error 0.025
Rate” 0.02
0.015
0.0

0.5%
0

Study Al model Al model

Pathologist + Study

Pathologist

* Error rate defined as 1 - Area under the Receiver Operator Cunie
= A study pathologist, blinded to the ground truth diagnoses.
independently scored all evaluation slides.

Deep Learning drops error rate
for breast cancer Diagnoses by
Researchere trained thelr
models with millions of labeled
images to find the probability
that a patch contains cancer,
eventually creating tumor

probability heatmaps.




Deep Learning in Medicine
Detection of diabetic eye disease

A. HEAETHY B. DISEASED

g Hemorrhages

J.;

Thmr deep learning algorithm performed better than the median board-certified
Mnologist in assessing srgns ofd|abetlc retinopathy




Deep Learning in Science

Saving Energy

High PUE ML Control On ML Control Off
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Low PUE

DeepMind Al reduces data center cooling bill by , using a system of neural
networks trained on different operatmg scenarios and parameters within
Google's data centers.



Deep Learning in Science
Mapping Poverty

Estimated daily per capita expenditure, 2012-2015

#

~
Mool

Cnmbmmq Jdtelhte mager;. and rrr—mhme Iedrnmg to prvdmt pn'\ferty A d

- ! 5 — SLIL,h
as (‘Oﬂdltlﬂn of road - bv bOf’TIHCj throuqh m|ll|on |magm to accuratelv identify
economic conditions in five African countries.




Deep Learning in Cryptography

Learning to encrypt and decrypt communication
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This end-to-end adversarially

1 trained arch|tecture learned how to
T [ er ""f'f\f] Orms or enc | Tion |
tion, and also how to apply
these operahons selectively in
order to meet confidentiality goals.
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Deep Learning in Robotics
Learning skills from shared experiences

Google researchers tasked robots with trying to move their arms to goal locations,
or reaching to and opening a door. Each robot has a copy of a neural network that




Deep Learning in Google Products

RankBram (Searoh) In few months, RankBrain has become the
third-most important signal contributing to the search result.

Speech Recognition (Google A35|stant) 30% reduction in Word
Error Rate for English. Biggest single improvement in 20 years of
speech research.

Pho‘to Search (Google Photos) Error rate of just 5% which is as
s humans perfc g the same task. Also, superhuman

performance in face reoogmtlon






Deep Learning - Tools

Its all Open Source

.,*\ D L4J Deep Learning for Java

Tensdr
@ PaddlePaddle .
.
e ‘I toch  &o»

Chainer gy,
| Microso mxn et
Caffe ICN'fi'K

DNN
e



Deep Learning - Tools

Its all Open Source

tensorfiow I 7126
caffe I 6836
convnetjs I 3529
keras I 3168
torch7 I 3044
Theano NN 2303
pylearn2 I 1837
DeepBeliefSDK I 1749
DeeplearnToolbox N 1563
deeplearning4] N 1541
Lasagne SN 1319
neon I 1236
hebel I 1106
mxnet N 939
brainstorm N 918
chainer M 895
focunn HEE 784
deeppy HE 754
neuralnetworks B 680
scikit-neuralnetwork Wl 617
hZ2o-3 W 561
blocks W 540
Mocha.jl B 521

1000 2000 3000 4000 5000 6000 7000




Deep Learning - Tools

Computing is affordable

AWS EC2 GPU Spot Instance: g2.2xlarge - S0.0782 per Hour

The DIGITS DevBox combines the
world's best hardware (4 GPUs),
software, and systems engineering
for deep learning in a powerful

solution that can fit under your
desk. Cost: S15k




Outlook
NVIDIA Pascal

NVIDEAS Pascal GPU architecture will a .
5 up to 10X bevond the

opeed of |t5 currer |t generation Maxwell processors.
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(compute) (bandwidth) (bandwidth) (compute)
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Mixed Precision 3D Memory 3D Memory Mixed Precision







Outlook
Goal-based Al

Traditional Programming

Computer

==

Machine Learning

Computer mme & Program

& Output —

Goal-based Al

=




Outlook

Artificial Quantum Intelligence

Quantum ArtlfICIEH Intell;gence Lab IS aj omt mltlatlve of NASA and Google to
study how quantum computing might advance machine le . This type of
computing may prowde the most creatwe and parallellzed problem solving
process under the known laws of physics.

@0

Quantum computers handle what are called quantum bits
or qublts that can readily have a value of one or zero or

anvthing in between

8!
Classical Bit Qubit

Quantum computing represents a paradigm shift, a radical
change in the way we do computing and at a scale that has
unimagina ble POWEr - Eric Ladizinsky (Co-founder D-Wave)




Outlook

Neuromorphic Chips

Tt 2 |BM TrueNorth is a brain-inspired computer chip that implements
=t =it =t =tit networks of integrate-and-fire spiking art|f|C|aI neurons and uses
+ + + -+ '+ onlyatiny 70 mw of power —orders of magnitude less energy
fgf,j.jf&f.;rf..,_k than traditional chips. The system is deS|gned to be able to run
= :i_f'EJfrEfTﬁ - deep-learning algorithms.

Traditionerl (%%  Neurosynaptic
computers 1“7\ chips address
focus on =1 the senses
language and | and pattern
analytical thinking recognition

n Overthe coming

'\ years, IBM scientists
o hope to meld the two

| capabilities together

to create a holistic

computing
(Left brain) (Right brain) intelligence
F N

& .h.‘g\‘?ﬁ

"J_‘,.ll "'E_.._"# I.I

\'/
1 million 256 million 4096

Programmable Programmable Neurosynaptic

Neurons Synapses Cores



Outlook

The Enabler

Many of the biggest problems facing humani today ||I<e curmg

diseases or addressmg chmate chahge WOU|d be vastly easier r with
the help of Al
H The B g for Self-Dr s (10-15 years). Fully autonomous

taxi systems will change the parad|gm of the need to own a car.

Al will fuel a medical revolution (5-70 years)by enabling far more
efficient drug discovery, diagnoses and research.
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Machines that learn to represent the world from experience.

Deep Learning is no magic! Just statistics in a black box, but
exceptional effective at learning patterns.

We haven't figured out creativity and human-empathy.

Transitioning from research to consumer products. Will make the
tools you use every day work better, faster and smarter
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