Learning tadGeneratelmages

JunYanZhu

Ph.D.at UCBerkelg
Postdocat MIT CSAIL



Computer Vision before 2012
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Computer Vision Now
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Deep Learning for Computer Vision

100

- 95 o © ©
‘ 90 o ©
: 85 O
i 80 4
_ . e e, 75 O DeepNet
[Denget al.2009] 70 @

2010 2011 2012 2013 2014 2015 2016 2017
Top5 accuracyon ImageNetbenchmark

Object detection Humanunderstanding Autonomousdriving

[GUuleret al.,, 2018] [Zhaoet al., 2017]
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Selectinghe most attractive expressions

Photos

101 Photos !
[Zhuet al. SIGGRAPAsia2014]



electinghe mostrealisticcomposites
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Least reallstlc composites (Zhuet al. ICC\2015]
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Generatingmagess hard!
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GenerativeAdversariaNetworks
(GANS
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Randomcode

Generator fakeifnage

© alejucat-generator [Goodfellowet al. 2014
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Generator Discriminator

fakeimage

Atwo-playergame:
A ' triesto generatefakeimagesthat canfool $8
A $ triesto detectfakeimages.

[Goodfellowet al. 2014
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Limitations of GANS
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GoalsimproveControl,Quality,and Resolution
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A Conditionalon userinputs.
A Learningwithout pairs.
A Highquality andresolution.



