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Figure 1: Illustration of the touch withdrawal reflex. A) Touching the worm’s tail will excite the
touch sensory neuron PLM, and correspondingly induces a forward locomotion command in the
animal [1] (Hand is not drawn to scale!). B) Working principle of the introduced touch withdrawal
inverted-pendulum controller. C) Tap Withdrawal neural circuit of C. elegans.

“There are errors in these systems
Intelligent Machines which propagate very quickly.
Because of their scale of their
action space - they can be hitting a

Forget Ki"er RObOts— Bias IS billion or two billion users per day -
the Real AI Danger that means the costs of getting it

wrong are very very high.”

John Giannandrea, who leads Al at Google, is worried about
intelligent systems learning human prejudices.

-Mustafa Suleyman

by WillKnight  October 3, 2017 .
S o ! co-founder DeepMind

Nadella: I think it’s one of the more important issues for us to make sure that things like training data
are not biased. And one of the best ways to ensure that what you do, whether it's the programs, the

algorithms, the training regimen, are not biased, is to make sure you have diversity of engineers who

are designing them. That’s one of the great ways we, in fact, use to make sure that we're testing these
products for that diversity and lack of bias.

Reinforcement Learning, Meta-Learning, One-Shot learning, GAN, VAE, Bayesian
NN, Fairness in ML, Explainable ML, Graphic models S =% 2 =M=

Kiho Suh  https://arxiv.org/abs/1711.03467

https://www.facebook.com/nipsfoundation/videos/1553500344741199/
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NIPS Schedule
= 08:00 ~ 22:30
2F, 2= 09:00 ~ 22:30

= 09:00 ~ 21:30

=, & 08:30 ~ 18:30

https://tech.instacart.com/3-nips-papers-we-loved-befb39a75ec2

NIPS

2017

ONG BEACH CA | DEC 4 -9 | NIPS.CC

TUTORIALS - DEC 4TH

Statistical Relational Artificial Intelligence: Logic,
Probability and Computation

Luc De Raedt, David Poole, Kristian Kersting, Sriraam Natarajan

Reinforcement Leaming with People

Emma Brunskill

A Primer on Optimal Transport
Marco Cuturi, Justin Solomon

Geometric Deep Learning on Graphs & Manifolds
Michael Bronstein, Joan Bruna, Arthur Szlam, Xavier Bresson,
Yann LeCun

Fairness in Machine Learning
Solon Barocas, Moritz Hardt

Engineering and Reverse-Engineering

Intelligence Using Probabilistic Programs,

Program Induction, and Deep Learning
Josh Tenenbaum, Vikash K Mansinghka

Differentially Private Machine Learning: Theory,
Algorithms and Applications

Kamalika Chaudhuri, Anand D Sarwate

Deep Probabilistic Modelling with Gaussian
Processes

Neil D Lawrence

Deep Learning: Practice and Trends
Nando de Freitas, Scott Reed, Oriol Vinyals

INVITED SPEAKERS - DEC 5TH - 7TH

Pieter Abbeel (UC Berkely, Open Al)
Deep Learning for Robotics

Kate Crawford (Microsoft Research)
The Trouble with Bias

Brendan J Frey (Deep Genomics, Vector Institute, U. Toronto)
Why Al Will Make it Possible to Reprogram the Human Genome.

Lise Getoor (UC Santa Cruz)
The Unreasonable Effectiveness of Structure

Yael Niv (Princeton)
Leaming State Representations

John Platt (Google)
Energy Strategies to Decrease CO2 Emissions

Yee Whye Teh (Oxford, DeepMind)
On Bayesian Deep Leaming and Deep Bayesian Learning

SYMPOSIA -DEC 7TH

Interpretable Machine Learning
Andrew G. Wilson - Jason Yosinski - Patrice Simard
Rich Caruana - Wiliam Herlands

Deep Reinforcement Learning
Pieter Abbeel - Yan Duan - David Sitver
Satinder Singh - Junhyuk Oh - Rein Houthooft

Kinds of Intelligence: Types, Tests and
Meeting the Needs of Society

José Hemandez-Orallo - Zoubin Ghahramani
Tomaso A Poggio - Adrian Weller - Matthew Crosby

Metalearning

Risto Miikkulainen - Quoc V Le - Kenneth Stanley
Chrisantha T Fernando.

WORKSHOPS -DEC 8TH -9TH
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NIPS party

Let the Gradient Flo
Celebrate NIPS 2017 with Intel Al

Join us for an exclusive party - and a surprise reveal

a special performance by Flo Rida

When Where

Giveaways, buskers, acrobats, DJ Nostalgia B an

https://asia.nikkei.com/Business/AC/Alibaba-Naver-Didi-battle-for-Al-talent https://pbs.twimg.com/media/DQWYB_DXKAE3E_j.jpg
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Machine Learning for Creativity and Design (NIPS 2017 Workshop)
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Accepted Papers

1. GANosaic - Mosaic Creation with Generative Texture Manifolds
« Nikolay Jetchev, Urs Bergmann, Calvin Seward

2. TopoSketch: Drawing in Latent Space
« lan Loh, Tom White

3. Input parameterization for DeepDream
« Alexander Mordvintsev, Chris Olah

4. Improvised Comedy as a Turing Test
« Kory Mathewson, Piotr Mirowski

5. Hierarchical Variational Autoencoders for Music
« Adam Roberts, Jesse Engel

6. Lexical Preferences in an Automated Story Writing System
« Melissa Roemmele, Andrew S. Gordon

7. ObamaNet: Photo-realistic Lip-sync from Text
« Rithesh Kumar, Jose Sotelo, Kundan Kumar, Alexandre de Brébisson, Yoshua Bengio

8. Towards the High-quality Anime Characters Generation with Generative Adversarial
Networks
« Yanghua Jin, Jiakai Zhang, Minjun Li, Yingtao Tian, Huachun Zhu

9. Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks
« Hiroyuki Osone, Natsumi Kato, Daitetsu Sato, Naoya Muramatsu, Yoichi Ochiai

10. Paper Cubes: Evolving 3D characters in Augmented Reality using Recurrent Neural Networks
« Anna Fuste, Judith Amores

11. Al for Fragrance Design
« Richard Goodwin, Joana Maria, Payel Das, Raya Horesh, Richard Segal, Jing Fu, Christian
Harris

Kiho Suh https://nips2017creativity.qithub.io/
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Art Gallery

Kiho Suh

Art Gallery

About  Music  Paper demos

http://nips4creativity.com/
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Schedule

Kiho Suh

8:30 Welcome and Introduction

AM

8:45 Invited Talk

AM Jiirgen Schmidhuber

gil5 Invited Talk

AM Emily Denton

9:45 Invited Talk

AM Rebecca Fiebrink

10:15 GANosaic - Mosaic Creation with Generative Texture Manifolds
AM Nikolay Jetchev, Urs Bergmann, Calvin Seward
10:20 TopoSketch: Drawing in Latent Space
AM lan Loh, Tom White

10:25 Input parameterization for DeepDream
AM Alexander Mordvintsev, Chris Olah

10:30 Art/ Coffee Break

AM

11:00 Invited Talk

AM lan Goodfellow

11:30 Improvised Comedy as a Turing Test
AM Kory Mathewson, Piotr Mirowski

12:00 Lunch

PM

1:00 Invited Talk
PM Ahmed Elgammal
1:30 Hierarchical Variational Autoencoders for Music
PM Adam Roberts, Jesse Engel
2:00 Lexical preferences in an automated story writing system
PM Melissa Roemmele, Andrew S. Gordon
2:30 ObamaNet: Photo-realistic lip-sync from text
PM Rithesh Kumar, Jose Sotelo, Kundan Kumar, Alexandre de Brébisson
3:00 Art/ Coffee Break
PM
3:30 Towards the High-quality Anime Characters Generation with Generative
PM Adversarial Networks
Yanghua Jin, Jiakai Zhang, Minjun Li, Yingtao Tian, Huachun Zhu
3135 Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks
PM Hiroyuki Osone, Natsumi Kato, Daitetsu Sato, Naoya Muramatsu, Yoichi Ochiai
3:40 Paper Cubes: Evolving 3D characters in Augmented Reality using Recurrent
PM Neural Networks
Anna Fuste, Judith Amores
345 Open Discussion
PM
415 Poster Session
PM
5:00 End of Workshop
PM

12



Sungmin Kang, Jaegul Choo, Jaehyuk Chang , Consistent Comic Colorization with
Pixel-wise Background Classification, 2017
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Min, What if machines can see music ...?7, 2017
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Contents

CAN: Creative Adversarial Networks
Generating “Art” by Learning About Styles and
Deviating from Style Norms*
‘Ahmed Elgammal'! Bingchen Liu' Mohamed Elhoseiny? Marian Mazzone®
‘The Art & Al Laboratory - Rutgers University
! Department of Computer Science, Rutgers University, NJ, USA
2 Facebook Al Research, CA, USA
3 Department of Art History, College of Charleston, SC, USA

June 23,2017

Towards the High-quality Anime Characters
Generation with Generative Adversarial
Networks

GANosaic: Mosaic Creation with Generative Texture

Manifolds

Yanghua Jin® Jiakai Zhang? Minjun Li* Yingtao Tian® Huachun Zhu?
ESchool of Computer Science, Fudan University

*Schoolof Computer Sieace, Caraegie Mellon Universty Nikolay Jetchev Urs Bergmann Calvin Seward
A mputer Scence, Stony Brook Lniversity Sieict A i s S
Schoolof Mathematics, Pudan Uriversiy

{5ty einjundit a o Zalando Research Zalando Research Zalando Rescarch

dyitesantcs . stonybrook.edu

TopoSketch: Drawing in Latent Space

Ian Loh” and Tom White*
School of Design
Victoria University of Wellington
Wellington, New Zealand
{lohjun@myvuw.ac.nz, tom.whiteCvuw.ac.nz}

ASCII Art Synthesis with Convolutional Networks

Crowd Sourcing Clothes Design Directed by
Adversarial Neural Networks

Combinatorial Meta Search

Osamu Akiyama

Natsumi Kato

Faculty of Medicine, Osaka University
oakiyama1986Qgmail . com

Hiroyuki Osone”

Daitetsu Sato Naoya Muramatsu

Yoichi Ochiai
University of Tsukuba
Pixie Dust Technologies, Inc.

Matthew Guzdial and Mark O. Riedl
Georgia Institute of Technology
{mguzdial3;riedl}@gatech.edu

Paper Cubes: Evolving 3D characters in Augmented
Reality using Recurrent Neural Networks

Improvised Comedy as a Turing Test

Learning to Create Piano Performances

Neural Translation of Musical Style

Anna Fusté
MIT Medialab

Judith Amores
'MIT Medialab

David Ha
Google Brain

Amit Pitaru
Google Creative Lab

Jonas Jongejan
Google Creative Lab

Piotr Mirowski *
HumanMachine
London, UK
piotr.mirowski@computer. org

Kory Mathewson *
Department of Computing Science
University of Alberta
Edmonton, Alberta, Canada
korymath@gmail.com

Tan Simon
Google Brain
iansimon@google. com

Sageev Oore"
Google Brain
osageevégnail.com

Sander Dieleman
Google DeepMind
sedeilem@google. com

Douglas Eck
Google Brain
deck@google. con

Iman Malik
Department of Computer Science
University of Bristol
Bristol, U.K
im13567@my.bristol.ac.uk

Carl Henrik Ek
Department of Computer Science
University of Bristol
Bristol, U.K
carlhenrik.ek@bristol.ac.uk

Hierarchical Variational Autoencoders for Music

ObamaNet: Photo-realistic lip-sync from text

Kiho Suh

Adam Roberts* Jesse Engel Douglas Eck
Google Brain Google Brain Google Brain
e.com 10google . com le.com

Rithesh Kumar*!, Jose Sotelo*', Kundan Kumar*', Alexandre de Brébisson*', Yoshua Bengio®

*Lyrebird.ai
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CAN: Creative Adversarial Networks
Generating “Art” by Learning About Styles and
Deviating from Style Norms™

Ahmed Elgammal!’ Bingchen Liu! Mohamed Elhoseiny? Marian Mazzone?®
The Art & Al Laboratory - Rutgers University
! Department of Computer Science, Rutgers University, NJ, USA
2 Facebook AI Research, CA, USA

3 Department of Art History, College of Charleston, SC, USA
June 23, 2017

Kiho Suh 16



CAN: Creative Adversarial Networks
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CAN 2

DiscriminatorJt 2t Ol O XI 2t &Ikt
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Sample

Generated
Sample

Input vector z

Train with art/
2

[ Art/Not art

not art labels and style class labels
1

Train with art/not art and style ambiguity loss
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CANOIl ArE = QIOIE A - WikiArt

Table 1: Artistic Styles Used in Training

Style name Image number | Style name Image number
Abstract-Expressionism 2782 | Mannerism-Late-Renaissance 1279
Action-Painting 98 | Minimalism 1337
Analytical-Cubism 110 | Naive Art-Primitivism 2405
Art-Nouveau-Modern 4334 | New-Realism 314
Baroque 4241 | Northern-Renaissance 2552
Color-Field-Painting 1615 | Pointillism 513
Contemporary-Realism 481 | Pop-Art 1483
Cubism 2236 | Post-Impressionism 6452
Early-Renaissance 1391 | Realism 10733
Expressionism 6736 | Rococo 2089
Fauvism 934 | Romanticism 7019
High-Renaissance 1343 | Synthetic-Cubism 216
Impressionism 13060 | Total 75753
1M1 2B 21HID10IA 21 250K 2 Ol =& AEH

Kiho Suh

Vincent van Gogh,
Self Portrait with

Bandaged Ear, 1889

Salvador Dali, The
Persistence of

Memory, 1931

Camptill

CONDENSED

MADE WITH BEEF STOCK

Andy Warhol,
Campbell’'s Soup
Can, 1962

N\

Georgia O’'Keeffe,
Music Pink and
Blue, 1918 19



CANO| Ar=< OIOI &4 - WikiArt

W mmsts  arwones Q search..
FEATURED TODAY IN HISTORY

Copyright policy
WikiArt presents both public domain and copyright
protected artworks. The latter are showcased in
accordance with fair use principle:
e as historically significant artworks
e as used for informational and educational
purposes
as readily available on the internet
e as low resolution copies unsuitable for
commercial use

https://www.wikiart.org/

Kiho Suh 20
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Abstract Expressionism (

‘LEIA O = 19405 LHLF 19505 LH O] =
StEt= XIHotE, Ol= 3l ot AHA JtE
S0t g U= 8ot 8t A=
JIeIZICH S HAF = A+ 20
Ol=9] Sg&ol LAE ZF 256l
RUICE OF==2], &2, LICH OlcH=+2,
Tl F9 = 0/01X= &t A=
olaf==2l, M =2l, Jlotet s F&2f

P2 25 20t=0/2 RULE”

=

-NIAH O =E 0 AHE

Willem de Kooning, Woman V, Jackson Pollock, No.
1952-1953 5, 1948

Kiho Suh

https://en.wikipedia.org/wiki/Abstract_expressionism 21



https://en.wikipedia.org/wiki/Abstract_expressionism

Art Basel 2016

Figure 8: Art Basel Set: a collection of 25 paintings selected from Art Basel 2017 art fair. Artist
and year in order: Richard Caldicott 2003, Jigger Cruz 2016, Leonardo Drew 2015, Cenk Akaltun
2015, Lang Li 2014, Xuerui Zhang 2015, David Smith 1956, Kelu Ma 1989, Xie Nanxing 2013,
Panos Tsagaris 2015, Heimo Zobernig 2014, Zao Wou-Ki 1958, Andy Warhol 1985, David Smith
1956, Wei Ligang 2014, KONG Chun Hei 2016, Ye Yongging 2015, Wei Ligang 2010, Xiaorong
Pan 2015, Xuerui Zhang 2016, Xiaorong Pan 2015, Xiaorong Pan 2015, Xu Zhenbang 2015,
Xuerui Zhang 2016, Zao Wou-Ki 1963.
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http://terms.naver.com/entry.nhn?docld=2076173&cid=42836&categoryld=42836
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https://medium.com/@awjuliani/generative-adversarial-networks-explained-with-a-classic-spongebob-squarepants-episode-54deab2fce39

Kiho Suh
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CAN: Lowest ranked by human subjects
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S St ULE?

1 - Turing Test

oI OESRULE OFLISH 2 EEIJF M A HLE?
Q2: At A0 0] 020l E=JH1-U% AU, 5-4 2 £0
Painting set Ql (std) | Q2 (std)
CAN 53% (18%)7 | 3.2(1.5)F
DCGAN [18] (64x64) | 35% (15%) T | 2.8 (0.54)
Abstract Expressionist | 85% (16%) | 3.3 (0.43)
Art Basel 2016 41% (29%) | 2.8 (0.68)
62% (32%) | 3.1 (0.63)

Artist sets combined
All images are resized to 512x512 resolution
T Qlt-test (CAN vs. DCGAN) p-value = 1.9932¢ — 15

£ Q2 t-test (CAN vs. DCGAN) p-value = 9.3634e — 06

Kiho Suh



Q1: &4 2 0l0IXIE E0t4 E0tot=Jh1-82 &, 5-3 Q4: 2s8h 1-E H=ollh 5-3% 2Sotlt

Q5: =&8tIh 1-8 % 2tHolCh, 5-8 % = &0otC.

Q6: StJtJF BHEQALE OLLIH ZRE I M4 HLH?

Q1 (std) Q2 (std) Q3 (std) Q4 (std) Q5 (std) Q6 (std)
Image set Likeness Novelty Surprising | Ambiguity | Complexity | human/computer
DCGAN [18] (256x256) | 3.23 (0.53) | 3.08 (0.50) | 3.21(0.59) | 3.37 (0.48) | 3.18 (0.63) 0.65 (0.17)
CAN 3.30(0.43) | 3.27 (0.44) | 3.13 (0.46) | 3.54 (0.45) | 3.34(0.50) 0.75 (0.14)
Abstract Expresionist | 3.38 (0.43) | 3.03 (0.38) | 2.95(0.50) | 3.17 (0.35) | 2.90 (0.35) 0.85 (0.11)
Art Basel 2016 2.95 (0.70) | 2.69 (0.59) | 2.36 (0.66) | 2.79 (0.59) | 2.46 (0.68) 0.48 (0.23)

Kiho Suh

26



Q3: 0| 230l Lt 2~ = etlt.

Q4: 0 =2 LI S&= =L

Q1 (std) Q2 (std) Q3 (std) Q4 (std)
Painting set Intentionality | Visual Structure | Communication | Inspiration
CAN 3.3(0.47) 3.2 (0.47) 2.7 (0.46) 2.5(0.41)
Abstract Expressionist | 2.8 (0.43) 2.6 (0.35) 2.4 (0.41) 2.3 (0.27)
Art Basel 2016 2.5(0.72) 2.4 (0.64) 2.1 (0.59) 1.9(0.54)
Artist sets combined 2.7 (0.6) 2.5(0.52) 2.2 (0.54) 2.1 (0.45)

Kiho Suh 27
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Colton, Creativity versus the perception of creativity in

Computational Systems, 2008
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Elgammal et al., Picasso, Matisse, or a Fake? Automated Analysis of Drawings at

the Stroke Level for Attribution and Authentication, 2017
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Elgammal et al., The Shape of Art History in the Eyes of the Machine,

2018
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Elgammal et al.,
2018

The Shape of Art History in the Eyes of the Machine,
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Towards the High-quality Anime Characters
Generation with Generative Adversarial
Networks

Yanghua Jin' Jiakai Zhang? Minjun Li' Yingtao Tian® Huachun Zhu*
1School of Computer Science, Fudan University
2School of Computer Science, Carnegie Mellon University
3Department of Computer Science, Stony Brook University
4School of Mathematics, Fudan University
14{jinyh13,minjunli13,zhuhc14}@fudan.edu.cn ?jiakaizl@andrew.cmu.edu
3yittian@cs.stonybrook.edu
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t-SNE Visualization of 1500 dataset images

Kiho Suh
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Conditioned Style

(a) blonde hair, twintails, blush,
smile, ribbon, red eyes

(b) silver hair, long hair, blush,
smile, open mouth, blue eyes

(c) aqua hair, long hair, drill hair,
open mouth, glasses, aqua eyes

(d) orange hair, ponytail, hat,
glasses, red eyes, orange eyes

Kiho Suh
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U_I —_—
2 ctE o HE
blonde hair brown hair black hair blue hair pink hair = purple hair green hair
1.00 1.00 1.00 0.70 0.80 0.75 0.90
red hair silver hair = white hair orange hair aqua hair gray hair long hair
0.95 0.85 0.60 0.65 1.00 0.35 1.00
short hair twintails drill hair ponytail blush smile open mouth
1.00 0.60 0.20 0.45 1.00 0.95 0.95
hat ribbon glasses blue eyes red eyes brown eyes  green eyes
0.15 0.85 0.45 1.00 1.00 1.00 1.00
purple eyes yellow eyes  pink eyes aqua eyes  black eyes orange eyes
0.95 1.00 0.60 1.00 0.80 0.85

Kiho Suh
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el

(https://mak
e.qgirls.moe/)

Kiho Suh

MakeGirlsMoe  Home

s | 1R

3 Share on Twitter

Terms of Use About News

Official Blog GitHub

Options ) Advanced Mode

Model

Camellia 256x256 Ver.171219 (5.9MB)

Hair Color

Blue

Dark Skin

or DR

Open Mouth

- E

Glasses

Off | Random u

Noise

=3 -

Operations

Import | Export | Reset

Hair Style

Long Hair

Blush

Off = Random m
Hat

or N
Style

o

Current Noise

(T

WebGL Acceleration @

Disabled w

Note: Please see here for terms of use.

English ~ m

#MakeGirlsMoe on Twitter

® den lom
& @om_den

ALTIRITF v Z&ERL ! Automatically
created by #MakeGirisMoe: make.girls.moe
Eye Color

Orange -

Smile

Off | Random m

Ribbon

or R >

Tion Ponchine
#37 @TionPonchine

Noise Import/Export
ALTIRTLF+ 74| Automatically

Import | Export created by #MakeGirisMoe: make.girls.moe
Current Backend -
WebGL
Embed View on Twitter


https://make.girls.moe/
https://make.girls.moe/

HH &E 0 A2 Inferencedt=0l Z2l= A2t

Processor Operation System Web Browser Execution Time (s)
17-6700HQ macOS Sierra Chrome 59.0 5.55
17-67T00HQ macOS Sierra Safari 10.1 5.60
15-5250U macQOS Sierra Chrome 60.0 7.86
15-5250U macOS Sierra Safari 10.1 8.68
15-5250U macOS Sierra Firefox 34 6.01
Intel HD Graphics 6000 macOS Sierra Safari 11.0{ WebGPU) <0.10
Intel HD Graphics 6000 macOS Sierra Chrome 60.0 {WebGL) 0.42
13-3320 Ubuntu 16.04 Chromium 59.0 53.61
13-3320 Ubuntu 16.04 Firefox 54.0 4.36
iPhone 7 Plus i0S 10 Chrome 4.82
iPhone 7 Plus i0S 10 Safari 3.33
iPhone 6s Plus i0S 10 Chrome 6.47
iPhone 6s Plus i0S 10 Safari 6.23
iPhone 6 Plus i0S 10 Safari 11.55

Table 4: Approximate inference time on several different environments.

Kiho Suh
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GANosaic: Mosaic Creation with Generative Texture
Manifolds

Nikolay Jetchev Urs Bergmann Calvin Seward
nikolay. jetchev@zalando.de urs.bergmann@zalando.de calvin.seward@zalando.de
Zalando Research Zalando Research Zalando Research

Kiho Suh 45
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GANosaic

fay.

(a) No Z! optimisation.

(b) No regularization.

T
’;&*I L G 0 e
R o 1 0 "B

(c) Regularization, a; = 5.

47



GANosaic &=

Kiho Suh

NqulayAJetf:hev @NJetchev - 14 Dec 2017 ; Rt Nikolay Jetchev @NJetchev - Jan 30 v
Feeling inspired after the #nips4creativity workshop at #NIPS2017. Working on Hope that spring comes soon! Until then enjoy these colorful fruits as eye candy.
some exciting #GAN-osaic improvements. As a teaser enjoy 3 brand new fancy

high resolgtion #texture #mosaics that capture the #LA downtown spirit. Boy and girl portraits, stylized as #texture mosaics in the fruit style of the old

cc @quasimondo master Arcimboldo, using #GAN-osaic and #Deeplearning as algorithmic tool.
cc @elluba

cc @genskogan cc @elluba @genekogan @quasimondo

https://twitter.com/NJetchev 48


https://twitter.com/NJetchev

TopoSketch: Drawing in Latent Space

Kiho Suh

Ian Loh™ and Tom White*
School of Design
Victoria University of Wellington
Wellington, New Zealand
{lohjun@myvuw.ac.nz, tom.white@vuw.ac.nz}
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Use Case

Ol0IXI0l €= OHLIMIOIE = =t

Modified from Tom White’s Slide



Sample Output

Modified from Tom White’s Slide
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Repeatable Process

Modified from Tom White’s Slide

52



Repeatable Process

Modified from Tom White’s Slide
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Repeatable Process

Modified from Tom White’s Slide
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TopoSketch

Generating Animations by Sketching in Conceptual Space

lan Loh Tom White View on GitHub
lohjun@myvuw.ac.nz tom.white@vuw.ac.nz
EE E} Q@ 2 ﬁ oo Render Animation

Draw here to animate

https://vusd.github.io/toposketch/

Modified from Tom White’s Slide
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TopoSketch

SHowING: DIFFEpent~

DX AR

7 i — Sl CoNTAIN/ MME N
4 A SAME WIEGHT — MlCKEY CeFimizry Smu

A “whip” gesture (top left) used to guide the motion of
laughter and batting eyelashes.

1. Animation Sketching is an important tool for animation study and planning.

Modified from Tom White’s Slide https://www.joshuanava.biz/disney-animation/marc-davis.html 56


https://www.joshuanava.biz/disney-animation/marc-davis.html

TopoSketch

bc\{c

- c‘&/ s

® RN J
J 9/‘:?/

v j}' /e

Left: Operation vectors within latent space.
Right: Operation vectors mapped to Canvas.

2. Latent spaces represent high level facial expressions.

Modified from Tom White’s Slide



TopoSketch

K;\
;jhc\/{c/
> o o=
[ é\v“/‘\‘;;\ <7
jJ e’/,f/
INSIATA A

Left: Operation vectors within latent space.
Right: Operation vectors mapped to Canvas.

3. A Control Canvas is used to represent and explore the conceptual space of
facial expressions.

Modified from Tom White’s Slide



TopoSketch

\6‘\6‘\‘4 ’gc‘
C’ S a\sna
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O's 1's 2s ' ) 3's ) 4's 5's

4. Sketched gestures on the grid are recorded and played back to create

Modified from Tom White’s Slide

a

nimations.
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TopoSketch

s @

\ﬁ'\"'sc"\-c";s'\s'\"';s'\s'&\c‘
= - -~ - | - - L -

Chewing Animation. Left: Notation. Right: Application. “Kiss” sciss with a2 smile”

5. Abstraction allows for fast prototyping, animation transfer and different styles

Modified from Tom White’s Slide 60



TopoSketch
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ASCII Art Synthesis with Convolutional Networks

Osamu Akiyama
Faculty of Medicine, Osaka University
oakiyamal986Q@gmail.com

Kiho Suh
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ASCII Art

OtAI|BE 0x20~0x7elil ZEHE = 27, -) £= 1) 20rE cex
JISE A28 D22 LB HAE OLE, (B8 g2 € =
SN O2E 22IC}.. 0lAT OlEE i) 83 \\A_A
=z 0|ZE|ZOZ MO|XLH 0] =0 t-p OF5% \('A")
2 IISE W ZELANE MAS E2 /> ’j\
Pes =& QL7 -wikipedia / / A\
L/

ARl O] =22 O}AI|RE D} 0Ll =S / JEEA
A2, JehA 2ei= 0FAI| OFEJF Of /|
BIAE OIE. ( (>

| k X

|) \ ~)

[l )/

J) L)

https://ko.wikipedia.org/wiki/%EC%95%84%EC%8A%A4%ED%82%A4_%EC
%95%84%ED%8A%B8

Kiho Suh http://infosnacks.com/img/2014/ascii-art.jpg
https://upload.tgd.kr/20171016/ae1af614430fe8c258c42c36b95efde0.png



https://ko.wikipedia.org/wiki/%EC%9D%B4%EB%AA%A8%ED%8B%B0%EC%BD%98
https://ko.wikipedia.org/wiki/%EC%95%84%EC%8A%A4%ED%82%A4_%EC%95%84%ED%8A%B8
https://ko.wikipedia.org/wiki/%EC%95%84%EC%8A%A4%ED%82%A4_%EC%95%84%ED%8A%B8
http://infosnacks.com/img/2014/ascii-art.jpg
https://upload.tgd.kr/20171016/ae1af614430fe8c258c42c36b95efde0.png

ASCII Art Synthesis with Convolutional Networks
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ASCII Art Synthesis with Convolutional Networks
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Web Application

DeepAA on The Web : Version 2.0

“BfeKiEizGoogle ChromeN# TY, EfR%RIR. MIHK. Stants L TRITLTILEL,

a T, ABY—/5— A,
EY ML STERENERBIZBAL T, & G IES Ftho
EY- I rzElizdBl &Y —AF REERLE EA,
ANERIZ/ 4 XERELEAVREESTTHLET, BRD SORELELTOY - VI THRTEET,
https:/Aar-bin.github. thinning-p

Original Image 454 x 566 Input Image 550 x 685

Choose File | No file chosen Output Width: 550

Output AA
P /0%

Line Image

E

Copy to clipboard

update

https://tar-bin.github.io/DeepAAonWeb/

Kiho Suh

DeepAAonWeb (GitHub) DeepAA (GitHub)

Patch Image

68
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Web Application

DeepAA on The Web : Version 2.0

AY—LZE S TERENEERBIZBL T, AV~ LEEIZ—YIOERETRLE LA,

Toask &Y —ILAFE Etth,
ANERE/ 4 XERELEBVREESTTHOLET, ERDSORE L TOY-VETHERTEEXT,
https:/Aar-bin.github. hinning-p

Original Image 212 x 238 Input Image 550 x 617

Choose File _ images.jpeg Output Width: 550

update

start 135 7 32J[100%]

Line Image

DeepAAonWeb (GitHub)

DeepAA (GitHut

Copy to clipboard

¥R
|l

N1
NIl

https://tar-bin.github.io/DeepAAonWeb/

Kiho Suh
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Patch Image
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https://tar-bin.github.io/DeepAAonWeb/

Web Application

DeepAA on The Web : Version 2.0 DeepAAonWeb (GitHub)  DeepAA (GitHub)

“BifFRiEI2Google Chrome» T, EREER. NI, Startdis > TRAEL T L, Output AA
BRENEERIO-DOBREENET, ABY /- RESNE LA,
FY—Wz kT BILT. &Y —LEH Stk rea/24p00%) (T
K- NBEURDERPENELLT EITE BVDRSRECEY — LR YOREERLE LA,
ADERIE/ A XEREL LBV REESTTOLET, BRHSOMBEELTOY— VI THRTEET, e o L,
ps: Lgithub. g-p

Original Image 736 x 578 Input Image 550 x 431 E‘

Choose File | 44493516f87...rawings.jpg

Output Width: 550 update

Copy to clipboard

W e A |
|| /1 |
\‘»:I a3 Il
I VIR | |
Il N | |
| N i I
A |
I %™ 4 .
I W17 N\ . N =N
TN V3 N N\ |
| e THARE I A R |
| =% Ne o feNF ]
| NI 2 Rl N
II 1| A\ ||] IIN
|

https://tar-bin.github.io/DeepAAonWeb/
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Web Application

Kiho Suh

DeepAA on The Web : Version 2.0

“BfFRIEIZGoogle ChromeD# T, EifR%EiR. MLk, Stantksy > TREL T LA,
BRENLEREO- DV OBRFENET, HBY —/ —IBESNELA.

AY -k 2T BILT, &Y fEE Ftho
AY- B rTElzEBL &Y — e ES
ANERR/ 1 XERELLBOREESTTHLET. BRD SORBELEUTOY - LETHRTEET,
ps: .github. inning-pr
Original Image 1024 x 1024 Input Image 550 x 550

Choose File | abstract-line-...-patterns.jpg

Output Width: 550

update

Output AA

war | BUoMCos

Line Image

Copy to clipboard
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Crowd Sourcing Clothes Design Directed by
Adversarial Neural Networks

Natsumi Kato Hiroyuki Osone* Daitetsu Sato Naoya Muramatsu

Yoichi Ochiai
University of Tsukuba
Pixie Dust Technologies, Inc.

Kiho Suh 72



Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks
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Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks

Kiho Suh
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Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks
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Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks
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Crowd Sourcing Clothes Design Directed by Adversarial Neural Networks

LOOK1 LOOK2 LOOK3 LOOK4 LOOKS
3 i i
‘ ' L 1
Y >3 -5
LOOKé LOOK?7 LOOKS8 LOOK? LOOK10

tadraq

https://www.youtube.com/watch?v=-HdNm3V7Ro0

Kiho Suh
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Combinatorial Meta Search

Kiho Suh

Matthew Guzdial and Mark O. Riedl
Georgia Institute of Technology
{mguzdial3;riedl}@gatech.edu
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Combinatorial Meta Search
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Combinatorial Meta Search

CLERR oPTIONS EHIT

T EEE

yimivivi SiviviniviY
Uivivivi B

STRUCTURE FUNCTIONAL OECOAATIUE ENEMIES GAMEPLAY

FEm g e

Bivivivin
Bivivivivi

[1/E]
vy YV NN
LA LA LA A L]

STRUCTURE FUNCTIONAL OECORAATIUE ENEMIES

B = ma 1
2 F m L

https://www.youtube.com/watch?time continue=86&v=6Ska6Y9Wnvo

Kiho Suh
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SAUE LORD CLERR OoPTIONS

GAMEPLAY

80


https://www.youtube.com/watch?time_continue=86&v=6Ska6Y9Wnvo

Paper Cubes: Evolving 3D characters in Augmented
Reality using Recurrent Neural Networks

Anna Fusté Judith Amores David Ha
MIT Medialab MIT Medialab Google Brain
afuste@media.mit.edu amores@media.mit.edu hadavid@google.com
Jonas Jongejan Amit Pitaru
Google Creative Lab Google Creative Lab
jongejan@google.com pitaru@google.com

Kiho Suh 81



Paper Cubes
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Paper Cubes

Paper cube= AR=
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Paper Cubes

Stick figure population

Virtual and physical obstacles

O O O Q@ O O
/|\ /|\ /N /|\ /|\ /|\

PgMM AAQZBAA |
\\ / / I utgu @-)

\ O I_n& Direction
SRS { " [0-1, 0-1, ... —.m<
// / \ Raycast Values Spee d "
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Paper Cubes

Paper Cubes

DIY Augmented Redlity

https://www.youtube.com/watch?time continue=5&v=arOEUVO1rlw

Kiho Suh
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Improvised Comedy as a Turing Test

Kory Mathewson * Piotr Mirowski *
Department of Computing Science HumanMachine
University of Alberta London, UK
Edmonton, Alberta, Canada piotr.mirowski@computer.org

korymathQgmail.com

Kiho Suh
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Improvised Comedy (5= Z0|C|)

HH S0l CHAL2} 2! 810l
=£xog Mot A0/

T 2lod, i, ey,
ARG, 22t 0l A
SEE R

Kiho Suh

https://www.youtube.com/watch?v=d3TsyT EDBc&t=293s
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https://www.youtube.com/watch?v=d3TsyT_EDBc&t=293s

Cast
HumanMachinect= 0|82 2 &=

Piotr Mirowski(Zt): Deepmind
™ 2 Xt. London, UKOI A 1 ==.

Kory Mathewson(<*): University of
Alberta Ef At 2t A . Edmonton,

Canadalll H=.
SNSZ AMZ LHEZIOHAM AIXFT7AIZE

XHO| LEXIBF 2016 E £ & & 0|
A&e. = 0 datats

S22
=2 O =2

okl
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Language as sequences
“How did you come up with A.L.Ex?”

» Personal experience: learning English as a foreign language.
Learn from patterns of words rather than from grammatical rules.

 Statistical language models:
Learn to compute likelihood of a sentence, based on data.

* Improvised musical (Showstoppers, The Maydays):
rhymes will come naturally... with some practice.



Recurrent Neural Network

[Schmidhuber & Hochreiter (1997) “Long-Short Term Memory”;
Vinyals (2015) “A Neural Conversational Model” 2015]

right on target !

Word
projection
(50k)

. LSTM layer
- - - : - - (512 units)
T Topic model r _
Z z ﬁ ' g ‘ g Fixed GloVe
® o 0 o ® ® © ® ©® cmveddings
space, toys, (250Kk)

o rumanvia 106 dRfiNity  and beyond hero, Disney — right on target



*Artificial Language Experiment

""""""

-
Speech (> > >

recognition
User interface / 8

(visualisation)

Remote control
(visualisation, camera)

From HumanMachine’s Slide

A

' . Physical avatar
& (stage partner)
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Dataset: corpus of film dialogue

T Ity ETe S - i nighENREVENruRIGERIz I ff'-é"‘?

7 i B - i did not say that . b

. OpenSUbtlﬂeS L= nah “ - you think i 'm gonna go awolif]
; itl IS s just need the s IRIGALLL:

h . lin f,|_ . n itles.oh . - —— ;a:tl did not say nothlng“élke t

.- SO ... you 're just .caulng E

» 100k movies (1902-2016) {'-f°;;“;’o€e§§3"b2 etong e

‘ews ?
"'~ baby , i 'm working 2 jobs .

e 880M word tokens : 11 ai not got time to watch

- R —— i
- i ai not spoken to my father in 6 years . h
- really 7 §
- he left when i was 14 . :

* Improv actors work from a ~EiE ekl o g SRR

| — why do you think they flew him in then ?

huge selection of scripts ’ e R . e i

- sure ,

[Martin, Harrison & Riedl (2016) “Improvisational i “ |- 5 :‘:ZEEH:Z'?iSm‘lﬁ’; an s base 7
Computational Storytelling in Open Worlds”, ICIDS] = b et e e e e e

From HumanMachine’s Slide



“Could A.L.Ex be rewarded
for funny or successful scenes ?”

Currently word by word text generation, supervised training

Still thinking about proper way for reinforcement learning...
» Reward structure: amount of laughs?

* Improv and theatre in open-world setting are more than a game

Reward dialogue system if it stays on track of an emotional trajectory?
[Hernandez, Bulitko et al (2015) “Keeping the Player on an Emotional Trajectory in Interactive Storytelling”, AAA/

Reward dialogue system for informative and coherent dialogue, train on self-play?

[Li et al (2016) “Deep Reinforcement Learning for Dialogue Generation”, arXiv]




Transatlantic Al show: binary?2

Photo © Chris Gamble
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HumanMachine in NIPS Creativity Workshop

Kiho Suh https://twitter.com/Piotrimprov
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https://twitter.com/PiotrImprov

Improvised Comedy Demo

https://www.youtube.com/watch?v=DrJEk9DfGzw
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https://www.youtube.com/watch?v=DrJEk9DfGzw

Improvised Comedy Demo

https://www.youtube.com/watch?time continue=628&v=FixBdMRAZIE

Kiho Suh
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https://www.youtube.com/watch?time_continue=628&v=FjxBdMRAZlE

Reviews

“Meet the smart robots with artificial irreverence. Stage debut beckons for machines programmed to learn the nuances of
improvised comedy...” — The Times

Albert and A.L.Ex have been selected as “Comedians to Watch in 2017” — The Phoenix Remix.

“... an immensely enjoyable trip to the future [...] with Dr Piotr Mirowski doing live improv comedy with his Al system A.L.Ex.
(with hilariously ominous consequences!)...” — Jugular.

Kory Mathewson has been selected to the “Top 40 Under 40” for 2016 by Avenue Edmonton: “... shared his extensive
knowledge of improvisation and artificial intelligence not just in his own community, but on a global scale”.

Kory was selected as Best in the Fest at the 2015 Vancouver International Improv Festival for TEDxRFT, which also won
the Insane Concept of the Year award from 12th night.

“...the implausible comic energy that Kory Mathewson and Donovan Workun bring to their Back To The Future double-act
whenever they hit the stage.” — Edie Ranvier, Improvathon 2016: The Lost Theatre, London

Kiho Suh https://humanmachine.live/binary2/ 99


http://www.thetimes.co.uk/article/the-robots-with-artificial-irreverence-qchb2xnpm
https://thephoenixremix.wordpress.com/2016/12/30/interview-comedians-to-watch-in-2017-humanmachine/
http://www.jugularproductions.com/oct-18th-ai
http://www.avenueedmonton.com/City-Life/Top-40-Under-40/2016/Kory-Mathewson/
http://vancouverimprovfest.com/news/best-of-fest-viif-2015
https://12thnight.ca/2017/01/01/looking-back-edmonton-theatre-in-2016/
http://www.thereviewshub.com/improvathon-2016-the-lost-theatre-london/
https://humanmachine.live/binary2/

ELIZA

70 -~ keywords, replies
71v local replies = {
72 [" CAN YOU"] = "PERHAPS YOU WOULD LIKE TO BE ABLE TO",
73 [" DO YOU"] = "YES, I",
74 [* CAN I"] = "PERHAPS YOU DON'T WANT TO BE ABLE TO",
75 [" YOU ARE"] = “WHAT MAKES YOU THINK I AM",
76 [" YOU'RE"] = "WHAT IS YOUR REACTION TO ME BEING",
77 [* I DON'T*] = “WHY DON'T YOU",
78 [* I FEEL"] = “TELL ME MORE ABOUT FEELING",
Joseph i?gv Loci?mézgéfxeate o 79 [ WHY DON'T YOU"] = "WHY WOULD YOU WANT ME TO",
111 I ,,]J ,9,,Y0U,, 80 [* WHY CAN'T I"] = "WHAT MAKES YOU THINK YOU SHOULD BE ABLE TO",
. o o i 81 [* ARE YOU"] = “WHY ARE YOU INTERESTED IN WHETHER OR NOT I AM",
Weinzenbaum 112 [* ARE "] = “AM", 82 [* T CAN'T"] = "HOW DO YOU KNOW YOU CAN'T",
113 [" WERE 1 = "WAS", 83 [" SEX"] = "I FEEL YOU SHOULD DISCUSS THIS WITH A HUMAN.",
(1966) 114 [* You "] = "ME", 84 [" I AM"] = "HOW LONG HAVE YOU BEEN",
115 [" YOUR "] = "my", 85 [* I'M"] = "WHY ARE YOU TELLING ME YOU'RE",
Photo (c) www.masswerk.at 116 E" I'VE ']'1 = "YOU'VE", 86 [" I WANT"] = "WHY DO YOU WANT",
117 " I'M "] = "YOU'RE", 87 [* WHAT"] = “WHAT DO YOU THINK?",
118 [* ME "] = "You", 88 [* HOW"] = "WHAT ANSWER WOULD PLEASE YOU THE MOST?",
119 [* AM I "] = "YOU ARE", 89 [" WHO"] = "HOW OFTEN DO YOU THINK OF SUCH QUESTIONS?",
120 [" AM "] = “ARE", 90 [" WHERE"] = "WHY DID YOU THINK OF THAT?",
121 } 91 [" WHEN"] = “"WHAT WOULD YOUR BEST FRIEND SAY TO THAT QUESTION?",
92 [* WHY"] = "WHAT IS IT THAT YOU REALLY WANT TO KNOW?",
55 — randomly selected replies if no keywords 93 [ PERHAPS"] = "YOU'RE NOT VERY FIRM ON THAT!",
56¥  local randReplies = { g‘; {: gg::ﬁ:} :WEA"Q?%UI'X Pgt'ac?gﬁgns“wm BE THE RULE.",
" " ’
55’; ..VIWS\EEI_)??EITHAT SUGESTIY ST 96 [ DREAMS"] = "WHY DID YOU BRING UP THE SUBJECT OF DREAMS?",
5 o sine x vaersTan You FL.", A s e A
60 "CAN YOU ELABORATE ON THAT?", 99 [" NO"] - "WHY ARE YOU BEING NEGATIVE?" '
61 "THAT IS QUITE INTERESTING!", 100 [" YOUR"] - "WHY ARE YOU CONCERNED ABOUT MY",
g; }'“GID:R:?AND PLEASE CONTINUE...", 101 [" ALWAYS"] = "CAN YOU THINK OF A SPECIFIC EXAMPLE?",
ess) ) [* THINK"] = “DO YOU DOUBT",
64 "WELL, WELL... DO GO ON.", 103 [" YES"] = "YOU SEEM QUITE CERTAIN. WHY IS THIS S0?",
65 "WHY ARE YOU SAYING THAT?", 104 [ FRIEND"] = "WHY DO YOU BRING UP THE SUBJECT OF FRIENDS?",
66 “PLEASE EXPLAIN THE BACKGROUND TO THAT REMARK...", 105 [* COMPUTER"] = “WHY DO YOU MENTION COMPUTERS?",
67 “COULD YOU SAY THAT AGAIN, IN A DIFFERENT WAY?", 106 [" AM I"] = "YOU ARE",




Technology as a creative constraint

Off-the-shelf chatbot giving lines Getting audience suggestions
to human improvisers using AR glasses
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“Yes Android” (2017) “GlassProv” (2014)
Baratunde Thurston, Will Luera, Scott Greenwald

Etan Muskat, Kory Mathewson
Bad Dog Theatre Company MIT Director’s Fellows, Improv Boston, Big Bang Improv




Technology as a creative constraint

Data science and RNN lyrics generation,
followed by human curation and
interpretation in a musical comedy

Acting and directing
a nonsensical, RNN-generated script

22 7 % - = ‘ k
- _ L'
“Beyond the Fence” (2016) “Sunspring” (2016)
Benjamin Till, Nathan Taylor, Alex Davies Ross Goodwin (rossgoodwin.com), Oscar Sharp
Photograph: Tristram Kenton for the Guardian [hitp://arstechnica.com/the-multiverse/2016/06/an-ai-wrote-this-movie-and-its-strangely-moving/] 102
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Al narratives with a human in the loop

Actress interacting with a smartphone Writing stories with auto-complete

“Siri” (2017) @botnikstudios (2015)

Laurence Dauphinais i
Photograph: Centre du Théétre d'Aujourd’hui Jamie Brew




Neural Translation of Musical Style

Iman Malik Carl Henrik Ek
Department of Computer Science Department of Computer Science
University of Bristol University of Bristol
Bristol, U.K Bristol, U.K

im13557@my.bristol.ac.uk carlhenrik.ek@bristol.ac.uk
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Neural Translation of Musical Style
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Neural Translation of Musical Style Gl &

Kiho Suh

100.0%

75.0%

50.0%
49.5%

% of Respondents

25.0%

0.0%

100.0%

75.0%

54.8%
50.0%

% of Respondents

25.0%

0.0%

http://imanmalik.com/cs/2017/06/05/neural-style.html

Identify the Human - Classical

W Wrongly Identified (Human = Robot)
W Correctly Identified(Human = Human)

| Survey average for
responses where human is

Q1 Q2

Identify the Human - Jazz

Q3 Q4

‘ | correctly identified

Survey average for

i~ responses where human is

correctly identified

Q13

Q14

Question
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Can't Determine
25%

Correctly Identif ed
46%

Wrongly Identif ed
28%
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Learning to Create Piano Performances

Sageev Oore* Ian Simon
Google Brain Google Brain
osageev@gmail.com iansimon@google.com
Sander Dieleman Douglas Eck
Google DeepMind Google Brain
sedeilem@google.com deck@google.com
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Learning to Create Piano Performances
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Figure 1: Excerpt from the score of Chopin’s Piano Concerto No. 1.
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Kiho Suh

Learning to Create Piano Performances
liclyp

i ,:,H\‘\'\\\\\H,M 0:10

0:15

https://clyp.it/user/3mdslat4
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https://clyp.it/user/3mdslat4
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“Fantastic!!!! This [. . .] absolutely blows the stuff I've heard online out of the solar system. . . . The melodic
sense is still foggy . . . but it’s staggering that it makes nice pauses with some arcing chord progressions [.

. .] its not far from actually coming up with a worthwhile melody . . .”
“ ..sounds like you fed a bunch of Mozart, Beethoven, Schubert, and Chopin into the system ”

“ ..a very drunken Chopin, messing around a bit with psychedelics . . .something a Russian composer
would’ve written under the influence of Impressionism. . . .”

. Not liking the somewhat messy run but [. . .] it seems wrong in a human way. ”

. | wanted to hear more, as in longer sections, to hear how the piece would unfold from there.”

Kiho Suh 111



Learning to Create Piano Performances
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Hierarchical Variational Autoencoders for Music

Adam Roberts* Jesse Engel Douglas Eck
Google Brain Google Brain Google Brain
adarob@google.com jesseengel@google.com deck@google.com
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Hierarchical Variational Autoencoders for Music

Mo o™ 228 2|0

HT o=2, - o=,

B

e
1%

three piece band(lead, bass,
and drums)2 X 3IHK| &5

Latent Code

1.5 million files for training
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Hierarchical Variational Autoencoders for Music

https://www.youtube.com/watch?v=G5JT16flZwM&index=1&list=PLB
UMAYABkvGU8Caggh70905SUvo-zHGTxr
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https://www.youtube.com/watch?v=G5JT16flZwM&index=1&list=PLBUMAYA6kvGU8Cgqh709o5SUvo-zHGTxr
https://www.youtube.com/watch?v=G5JT16flZwM&index=1&list=PLBUMAYA6kvGU8Cgqh709o5SUvo-zHGTxr

ObamaNet: Photo-realistic lip-sync from text

Rithesh Kumar*', Jose Sotelo*’, Kundan Kumar*', Alexandre de Brébisson*', Yoshua Bengio'
*Lyrebird.ai
TMILA
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THIS IS AN ARTIFICIAL VIDEO CREATED BY LYREBIRD.
IT DOES NOT CONVEY THE OPINION OF BARACK OBAMA.

https://www.youtube.com/watch?v=YfU sWHT8mo

o
1
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https://www.youtube.com/watch?v=YfU_sWHT8mo

Obamalt Li=2 HICI2=0| €A 3
benchmarkZ 22| AtE &0 UL - ) ~T

Obamall LI2 HICI 2 HI0IH = 2L,

THIS IS AN ARTIFICIAL VIDEO CREATED BY LYREBIRD.
IT DOES NOT CONVEY THE OPINION OF BARACK OBAMA.
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2x

Text-to-Speech
(Char2Wav)

Audio-to-Keypoint

Keypoint-to-Image

Kiho Suh

Blackened

Frames
Text Char2Wav Audio Time-Delayed Keypoints U-Net Video Video
LST™ Frames

Normalized mouth keypoints

PCA Inversion

¥

Co b P o)

© ©

Time-delayed LSTM

T Vocoder Representation

T

a) Keypoint Generation Network

Figure 4: The 68 facial keypoints

Synthesized
Image

Target video
image with
drawn keypoints

b.) Video Generation Network 119



Lyrebird.ali

120 s40tez
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Kiho Suh

ABOUT ~ LOGIN

() LYREBIRD DEMO

Welcome to the beta version of Lyrebird

Lyrebird allows you to create a digital voice that sounds like you with only one minute of audio.

Create your digital voice

Or log in if you already have an account

This beta version allows anyone to create their digital voice with only one
minute of audio. Simply sign up. record yourself for at least one minute and
you will be able to generate any sentence you like with your digital voice.

Facebook - Twitter © 2017 Lyrebird.ai

Evaluation Agreement and Agreement Regarding Biometrics
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Synthesizing Obama: Learning Lip Sync from Audio, 2017

“l see the first episode of Black
Mirror has begun.”

-Youtube User

“It’s better that the public is aware
of such technology than being
oblivious. If we were ignorant we
would believe things without
thinking it was tampered.”

Synthesizing Obama: Learning Lip Sync from Audio
843,760 views

-Youtube User

https://www.youtube.com/watch?v=9Yq67CjDavw
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https://www.youtube.com/watch?v=9Yq67CjDqvw

Fake News

AHAH U A FHSt Collins DictionaryJt “fake news”
£ 20174 SollQ St 2 A H &,

English

“the future of fake news. We’ve long been told not to believe
everything we read, but soon we’ll have to question everything we
see and hear as well.”

- Guardiar Dictionary
o print - OTNEE DT YOUR Mabfle el

You choose how you use it
Sllition mives vou th
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Machine Learning for Creativity and Design (NIPS 2017 Workshop) Review

CAN: Creative Adversarial Networks
Generating “Art” by Learning About Styles and
Deviating from Style Norms*

Towards the High-quality Anime Characters
Generation with Generative Adversarial
Networks

GANosaic: Mosaic Creation with Generative Texture

Manifolds

TopoSketch: Drawing in Latent Space

‘Ahmed Elgammal'! Bingchen Liu' Mohamed Elhoseiny? Marian Mazzone®
‘The Art & Al Laboratory - Rutgers University

Yanghua Jin! Jiakai Zhang? Minjun Lil Yingtao Tian® Huachun Ziu®
! Department of Computer Science, Rutgers University, NJ, USA Sel

100l of Computer Science, Fudan Universty

“School of Computer Science, Carnegie Mellon University Nikolay Jetchev Urs Bergmann Calvin Seward School of Design
2 Facebook Al Research, CA, USA ENY Ce S 3t y K 5 3 ¢ i
L CA, cpastiment of Computer Seience, Sony Brook University : . W
3 Department of Art History, College of Charleston, SC, USA School of Mathematics, Fudan Universty nikolay. d lando.de 1 dezal 4 Victoria University of Wellington
1443 1nyn13,atn junl 1 o a Zalando Research Zalando Research Zalando Research ‘Wellington, New Zealand

June 23,2017 dy1tetangcs . stonybrook.odu

Ian Loh® and Tom White*

{lohjun@myvuw.ac.nz, tom.whiteGvuw.ac.nz}

ASCII Art Synthesis with Convolutional Networks

Crowd Sourcing Clothes Design Directed by
Adversarial Neural Networks

Combinatorial Meta Search

Osamu Akiyama Natsumi Kato

Faculty of Medicine, Osaka University
oakiyama1986Qgmail . com

Hiroyuki Osone”

Daitetsu Sato Naoya Muramatsu

Matthew Guzdial and Mark O. Riedl
Georgia Institute of Technology

Yoichi Ochiai {mguzdial3;riedl}@gatech.edu

University of Tsukuba
Pixie Dust Technologies, Inc.

Paper Cubes: Evolving 3D characters in Augmented
Reality using Recurrent Neural Networks

Improvised Comedy as a Turing Test

Learning to Create Piano Performances

Neural Translation of Musical Style

Anna Fusté
MIT Medialab

Judith Amores
'MIT Medialab

David Ha
Google Brain Piotr Mirowski *
‘HumanMachine
London, UK

piotr.mirowski@computer. org

Kory Mathewson *
Department of Computing Science
University of Alberta
Edmonton, Alberta, Canada
korymath@gmail.com

Amit Pitaru
Google Creative Lab

Jonas Jongejan
Google Creative Lab

Tan Simon
Google Brain
iansimon@google. com

Sageev Oore"
Google Brain
osageevégnail.com

Iman Malik
Department of Computer Science
University of Bristol
Bristol, U.K
im13567@my.bristol.ac.uk

Sander Dieleman
Google DeepMind
sedeilemeg:

Douglas Eck
Google Brain
deck@google. con

Hierarchical Variational Autoencoders for Music

ObamaNet: Photo-realistic lip-sync from text

Adam Roberts* Jesse Engel Douglas Eck
Google Brain Google Brain Google Brain
e.com 10google . com le.com
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Rithesh Kumar*!, Jose Sotelo*', Kundan Kumar*', Alexandre de Brébisson*', Yoshua Bengio®
*Lyrebird.ai
TMILA

Carl Henrik Ek
Department of Computer Science
University of Bristol
Bristol, U.K
carlhenrik.ek@bristol.ac.uk
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Machine Learning for Creativity and Design (NIPS 2017 Workshop) Review
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