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Chapter IX  Towards a world with intelligent machines that can 
interpret the visual world 
	
Further reading: 
 
(Goodfellow et al 2016, Hassabis et al 2017, Nielsen 2019) 
 

IX.1. The Turing test for vision 
 
(Good 1966, Turing 1950) 

  
IX.2. Computer vision everywhere 

 
(Kay et al 2017, Lichtman et al 2014, Lin et al 2015, Redmon et al 2016, Soomro et al 
2012) 
  

IX.3. Incorporating temporal information using videos 
 
(Ben-Yosef et al 2020, Donahue et al 2017, Feichtenhofer et al 2016, Foldiak 
1991, Giese & Poggio 2003, Hara et al 2017, Hochreiter & Schmidhuber 1997, 
Karpathy et al 2014, Kundu et al 2016, Lotter et al 2015, Lotter et al 2016, Lotter 
et al 2017, Lotter et al 2020, Olson & Pettigrew 1974, Simonyan & Zisserman 
2014a, Tran et al 2015, Tran et al 2017, Wiskott & Sejnowski 2002) 
 

IX.4. Major progress in object classification 
 
(Borenstein et al 2004, Borji & Itti 2014, Girshick 2015, He et al 2018, He et al 
2015, Hochreiter & Schmidhuber 1997, Karpathy et al 2014, Kim et al 2019, 
Krizhevsky et al 2012, Li et al 2004, Lin et al 2015, Russakovsky et al 2014, 
Simonyan & Zisserman 2014b, Szegedy et al 2015, Tan & Le 2019, Zhang et al 
2019, Zoph et al 2018) 
 

IX.5. Real-world applications of computer vision algorithms for object 
classification 

 
(Elmore et al 2009, Kim & Brunner 2017, Linsley et al 2018, Lotter et al 2017, 
McKinney et al 2020, Nguyen et al 2016, Phillips et al 2018, Poplin et al 2018, 
Reardon 2020, Shallue & Vanderburg 2017, Taigman et al 2014, Van Horn et al 
2018) 
 

IX.6. Coming soon to a computer vision algorithm near you  
 

IX.7. Computer vision to help people with visual disabilities 
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IX.8. Deep convolutional neural networks work outside of vision too 
 

IX.9. Image generators and GANs 
 
(Dosovitskiy & Brox 2016, Goodfellow et al 2014) 
 

IX.10. DeepDream and XDream 
 
(Bashivan et al 2019, Dosovitskiy & Brox 2016, Erhan et al 2009, Ilyas et al 2018, 
Mordvintsev et al 2015, Ponce et al 2019, Walker et al 2019, Xiao & Kreiman 
2020) 
 

IX.11. Reflections on cross-validation and extrapolation 
 
(Geirhos et al 2018, Jacquot et al 2020, Recht et al 2019) 
 

IX.12. Adversarial images 
 
(Szegedy et al 2014, Xie et al 2019, Zhou & Firestone 2019) 

 
IX.13. Deceptively simple tasks that challenge computer vision algorithms 

 
(Fleuret et al 2011, Johnson et al 2016, Kim et al 2018) 

 
IX.14. Challenges ahead 

 
(Kreiman & Serre 2020, Serre 2019) 
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