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This is Part 8 

• See http://www.scaruffi.com/singular for the index of this 
Powerpoint presentation and links to the other parts 
1. Classic A.I. - The Age of Expert Systems  

2. The A.I. Winter and the Return of Connectionism 

3. Theory: Knowledge-based Systems and Neural Networks  

4. Robots  

5. Bionics  

6. Singularity  

7. Critique  

8. The Future  

9. Applications 

10. Machine Art 

11. The Age of Deep Learning 

http://www.scaruffi.com/singular


5 

The Future of  
Artificial Intelligence 
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NeuIPS 2018 (NIPS) 

Updated to… 
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We have plenty of humans who like to predict 

the future of humans. 

When will we have an A.I. program to predict the 

future of A.I. programs? 

The Future of A.I. 



Behavior Recognition 

• SRI Intl (2013): Holistic assessment of behavior 

– Evaluating facial expression 

– Evaluating body posture 

– Evaluating voice 

 

 



Behavior Recognition 

•  Sergio Escalera (Barcelona): 

Looking at People (LAP) contests 

– Affective Computing 

– Social Signal Processing 

– Human Behavior Analysis 

– Social Robotics 

 

 

– 2011/12 Gesture Challenge 

– 2013 Multi-modal Challenge 

– 2014-16 Looking At People Challenges 



Behavior Designer 

• The Behavior Designer: AI not as a 
replacement for people but instead as a 
useful companion for altering social behavior 
(Hirokazu Shirado and Nicholas Christakis, 
2017)  
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Information-based System 

Data 

Base 

Who is the 

president of 

the USA? 

Where is 

Rome? 

OBAMA 

ITALY 
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Knowledge-based System 

Know 

ledge 

Base 

Who will the 

president of 

the USA? 

Where is 

Atlantis? 

X 

Y 
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Human intelligence is weird… 

• Susan Langer: our brains are symbol-
producing machines 

• We don’t just “do” things: we invent 
complex rituals to “mean” things 

• E.g., the tea ceremony 

• What symbols does a neural network 
learn? 



The Age of Invisible Robots 

• What do these technologies have in common?  

– Internet of Things  

– Biotech  

– Wearables  

– 3D Printing 

– Social Media 

– Sharing Economy 

– Fintech 

– ...  

• They produce data. Billions of data.  

• 44 zettabytes of data by 2020 (IDC)  



The Age of Invisible Robots 

• The Data Economy: is your business really your business?  

• E.g.: credit card companies are data companies not financial 
companies (they know what you buy)  

• Social media are data companies not social networks (they 
know what you  

• The Convergence of Big Data and AI  

– Deep Learning needs large datasets 

– Large datasets need deep learning 



The Age of Invisible Robots  

• Deep Learning = Big Data Intelligence 

– Traditional AI = Pattern recognition (image, speech, ...)  

– AI + Big Data = Profile recognition  (behavior, desires, 
emotions…) 

– What you buy + what you do + who are your friends + ... = 
your digital behavior  

– Your digital behavior = Your mind (desires, beliefs, needs)  



The Age of Invisible Robots  

• The machine  

– knows more about you than your best friends 
know  

– has more data about everybody else than you do  

• so the machine can use knowledge about humans to 
understand who you are and use your data to 
understand how to manipulate your mind 

• The invisible robot is spying on you all 
the time! 



The Age of Invisible Robots 

• The invisible robot can understand 
intimate facts about your life  

• The invisible robot can "design" your 
behavior  



The Age of Invisible Robots 

• Invisible robots are the future 

• Examples 

– Politics: a political candidate can customize the political 
message to maximize your attention  

– Staffing: the invisible robot can select the best person for 
the job 

– Justice: the invisible robot can calculate the probability 
that a person will commit the same crime again and 
calculate the optimal sentence accordingly 

– … 



The Age of Invisible Robots 

• Sounds scary?  

• It gets worse: thousands of invisible bots will 
collaborate on this project 



The Age of Invisible Robots 

• The positive side 

– An algorithm is not biased: not racist, not sexist, etc  

– You like people who like you and you like 
information that confirms your opinion 

– An algorithm doesn’t like anybody in particular 

– So… A.I. can build a more fair society 



The Age of Invisible Robots 

• The Engineer of the Future:  

– The Behavior Designer  

– You need to understand the language of A.I., not 
just the language of humans 



The Age of Invisible Robots 

• The Engineer of the Future:  

– The language of AI is computational mathematics  



The Age of Invisible Robots 

• You want to be the one who shapes AI… 

• …not the one who is shaped by AI  
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Common Sense 

Google Blog 
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Common Sense 

Google Blog 



Common Sense 

The search engine puts the dots precisely where 

the interesting information is. 
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Common Sense 

21 June 2017: Los 

Angeles Times 

reports a USGS 

warning about an 

earthquake that 

happened in… 2025 
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Common Sense 

• Progress in fundamental A.I. 

– Common sense 

Paypal bot (2018) 
sends a letter to a 
dead woman 
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Common Sense 

• What happens if you don’t have common sense… 
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Common Sense 

• What happens if you don’t have common sense… 
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Common Sense 

• What happens if you don’t have common sense… 
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Joshua Brown, the first person to 

die in a self-driving car accident 

(June 2016) 



Common Sense 

Children form a human arrow to direct a 

helicopter towards the suspects 
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Common Sense 

April 2013: Boston 

marathon attacks 
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Common Sense 

 

Can you tell what 

is wrong with this 

picture? 
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Common Sense 

• Marriage with Children episode 

– Wife reads from a magazine: “Whom 

would you like to spend the evening 

with? A. Your wife – B. …” 

– Husband interrupts and shouts: “B!” 

– Why is it funny? 
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Common Sense 

• What happens if you have common sense… 

VanGogh and Nietzsche went mad in the same year, 

1888, one year after Emile Berliner invented the 

gramophone (that records sounds) and in the same 

year in which Kodak introduced the first consumer 

camera (that records images). 



Common Sense 

• Knowledge-based systems (“expert” systems) 

did NOT fail 

• Do we need deep learning to solve these 

problems? 

– If you are an American and Americans are 

humans, are you a human? 

– What is 2+2? 
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Common Sense 
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Common Sense 
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Common Sense 



Common Sense 

• What human neural networks do better than artificial 

neural networks: reasoning. 

• Neural networks are good at guessing the cause from 

the effect, not the effect from the cause 

• Google’s DeepMath (2016) 

• Microsoft’s DeepCoder (2017) 

• Integration of neural networks and search 



Common Sense 

• Yejin Choi (University of Washington, 2019): 

ATOMIC , a graph of commonsense knowledge, 

and COMET, a generator of such graph 



Common Sense 

• Yejin Choi (University of Washington, 2019): 

COMET 



Common Sense 

• DARPA (2018) 
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Machine Learning 

• The success stories/ Why we are happy 

– Supervised Learning: 

• image recognition 

• speech recognition 

• machine translation 

– Reinforcement Learning:  

• game-playing 

– Unsupervised Learning: ---- 
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Machine Learning 

• Supervised Learning: 
• AlexNet (2012) 

• VGGNet or VGG-16 (2014) 

• GoogleNet or Inception (2014) 

• DeepFace (2014) 

• ResNet (2015) 

• Inception-ResNet (2016) 

• ResNeXt (2017) 

• … 
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Machine Learning 

• The Methods/ Why we are NOT happy: 

– Supervised Learning: requires a lot of data - 

UNNATURAL 

– Reinforcement Learning: requires a lot of self-

play - UNNATURAL 

– Unsupervised Learning: the way humans and 

animals learn! 

A.I. is based on big data, right? 

H.I. (human intelligence) is not!  

Animal intelligence is not. 
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The Future of Machine Learning 

Towards real “learning”: 

• Meta-learning 

• Learning by Demonstration 

• Transfer Learning 

• Curiosity-driven Exploration 

• Multitask Learning 

• Self-supervised Learning 
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The Future of Machine Learning 

• Meta-learning 

– Schmidhuber : "Simple Principles of Metalearning" (1996) 

– Nicolas Schweighofer and Kenji Doya (2001) 
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The Future of Machine Learning 

• Meta-learning 

– Yan Duan ‘s RL Square (2016) 
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The Future of Machine Learning 

• Meta-learning 

– Jane Wang's "deep meta-reinforcement learning" (2017) 
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The Future of Machine Learning 

• Meta-learning 

– Chelsea Finn ‘s 

"model-agnostic 

meta-learning" MAML 

(2017) 
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The Future of Machine Learning 

• Meta-learning 

– Alex Nichol and John 

Schulman’s Reptile 

(2018) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Kuniyoshi, Inaba & Inoue in Japan (1989) 

– Donald Michie (1990) 

– Claude Sammut (1992) 

– Stefan Schaal’s “Is Imitation Learning the Route to 

Humanoid Robots?” (1999) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Dean Pomerleau’s ALVINN to follow the lane (1988) 

 

 

 

 

 

– Pieter Abbeel and Andrew Ng (2004)  
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The Future of Machine Learning 

• Learning by Demonstration 

– Tianhe Yu and Chelsea Finn: Domain-Adaptive Meta-Learning 

(DAML) that trains a deep network with many videos of human and 

robot movements performed for different tasks (2018) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Tianhe Yu and Chelsea Finn: Domain-Adaptive Meta-Learning 

(DAML) that trains a deep network with many videos of human and 

robot movements performed for different tasks (2018) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Aravind Rajeswaran (Univ of Washington, 2018) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Oriol Vinyals (DeepMind, 2016) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Byron Boots (Georgia Tech, 2018) 
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The Future of Machine Learning 

• Learning by Demonstration + Reinforcement 

– Nando de Freitas (DeepMind, 2018) 
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The Future of Machine Learning 

• Learning by Demonstration + Reinforcement 

– Aravind Rajeswara & Vikash Kumar (UC Berkeley, 

2018) 
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The Future of Machine Learning 

• Learning by Demonstration 

– Andi Palan & Dorsa Sadigh(Stanford, 2019) 
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The Future of Machine Learning 

• Transfer learning: transfer knowledge across tasks 

– Pioneers: Lorien Pratt, Sebastian Thrun, Rich Caruana 

– Schmidhuber ("Evolutionary Principles in Self-referential 

Learning", 1987)  

– Barto ("Intrinsically Motivated Reinforcement Learning", 

2004) 

– Demis Hassabis (DepMind) talk (2018) 
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The Future of Machine Learning 
• Transfer learning: transfer knowledge across tasks 

– Exploration based on "intrinsic motivation"  

– DeepMind (2016): plays Montezuma Revenge  

– OpenAI (2017): EMAML and ERL2  



68 

The Future of Machine Learning 

• Transfer learning: transfer knowledge across tasks 

– Curiosity-driven exploration  

– DeepMind (2018) 
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The Future of Machine Learning 

• Transfer learning: transfer knowledge across tasks 

– Curiosity-driven exploration  

– Abhishek Gupta (2018) 
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The Future of Machine Learning 

• Transfer learning: transfer knowledge across tasks 

– using natural language descriptions of the environment to 

help guide policy transfer  
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The Future of Machine Learning 

• Curiosity-driven Exploration 

– Lerrel Pinto (CMU, 2016) 
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The Future of Machine Learning 

• Curiosity-driven Exploration 

– Joshua Achiam (2017): 

surprise-based intrinsic 

motivation 

– Deepak Pathak (2017): 

“Intrinsic Curiosity Model", a 

self-supervised reinforcement 

learning system that uses 

curiosity as a natural reward 

signal to enable the agent to 

explore its environment and 

learn skills for use later 
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The Future of Machine Learning 

• Curiosity-driven Exploration 

– E.g. application: Piaget-like learning agent 
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The Future of Machine Learning 

• Multitask Learning 

– Sebastian Thrun’s "Lifelong Robot Learning“ (1995): 

how to enable a robot to continuously learn as it 

collects new experiences 
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The Future of Machine Learning 

• Multitask Learning 

– Bharath Ramsundar (Stanford + Google, 2015) 
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The Future of Machine Learning 

• Multitask Learning 

– Ishan Misra and Abhinav Shrivastava  (CMU, 

2016): "cross-stitch units", units that look for the 

best shared representations for multitask learning 
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The Future of Machine Learning 

• Multitask Learning 

– Fei Wang (China, 2017): Residual Attention 

Network 
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The Future of Machine Learning 

• Multitask Learning 

– Shikun Liu (Imperial College London, 

2018): Multi-Task Attention Network 

(MTAN), a shared network with shared 

features and with task-specific attention 

modules 
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The Future of Machine Learning 

• Multitask Learning 

– Sebastian Ruder (National University of Ireland, 

2018):  "sluice networks", a framework for 

learning loosely-related tasks, a generalization of 

cross-stitch networks 
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The Future of Machine Learning 

• Multitask Learning 

– Andrei Rusu (DeepMind, 2016): Progressive Nets 
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The Future of Machine Learning 

• Multitask Learning 

– Iasonas Kokkinos (UCL, 2017): UberNet 
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The Future of Machine Learning 

• Multitask Learning 

– Aravind Rajeswaran (Univ of Washington, 2018) 
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Conditional Computing 
• Conditional Computation for faster networks 

– Bengio’s conditional computation (2013) 
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Conditional Computing 
• Conditional Computation for faster networks 

– Google’s Sparsely-gated Mixture of Experts (2017) 

March  2018 
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Recursive Cortical Networks 

Vicarious (2017): 
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What Robots Need to Understand 

(What is going to happen next) 

• Roozbeh Mottaghi (Allen Institute, 2016): effect of 

forces on objects (what happens if you pust an 

object neyond the edge of a table) 

• Jacob Walker (Carnegie Mellon, 2014): effect of 

movement of objects (where can the car go?) 

• Michael Ryoo (ETRI in Korea, 2011): effect of 

people's movement (what happens next when a 

person pulls out a gun?) 
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What Robots Need to Understand 

• Roozbeh Mottaghi (Allen Institute, 2016): effect of 

forces on objects (what happens if you pust an 

object neyond the edge of a table) 
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What Robots Need to Understand 

• Jacob Walker (CMU, 

2014): effect of movement 

of objects (where can the 

car go?) 
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What Robots Need to Understand 

• Michael Ryoo (ETRI in Korea, 2011): effect of 

people's movement (what happens next when a 

person pulls out a gun?) 
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Self-supervised Learning 

Lecun 2018 talk 

Applications 

• Robotic surgery  

• Autonomous driving 
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Prediction Networks 
“Predictive coding” from the 

neuroscience literature 

Discard the predictable, learn from the 

unpredictable (from your mistakes 

of prediction) 

Srinivasan, Laughlin and Dubs 

(1982): predictive coding 

Felleman and VanEssen (1991): the 

cortex is layered and hierarchical 

Rao and Ballard (1999): the brain is a 

prediction machine 

Rasmus Palm‘ (2012): the "predictive" 

autoencoder 

Chalasani & Principe (2013): Deep 

Predictive Coding Networks 
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Unsupervised Learning 

Why we need unsupervised learning 

 Supervised learning is difficult for videos because 

videos are much higher-dimensional entities than 

single images 

Where unsupervised learning can work 

  Luckily videos contain a lot of structure (spatial 

and temporal regularities) that can be used to 

train the network 

Self-supervised learning! 
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Self-supervised Learning 

Nets trained to predict the next frame in a video 

• Marc’Aurelio Ranzato (Facebook, 2014) 

• Bill Lotter (Harvard Univ, 2015) 

• Xiaolong Wang (CMU, 2015) 

• Nitish Srivastava (Univ. of Toronto, 2015) 

• Phillip Isola (UC Berkeley, 2016) 

• Carl Vondrick (MIT, 2016) 
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Self-supervised Learning 

Other pioneers 

• Pulkit Agrawal: KittiNet (UC Berkeley, 2015) 

• Carl Doersch: spatial correlations  (UC 

Berkeley, 2015) 
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Self-supervised Learning 

Bill Lotter (Harvard Univ, 2015): PredNet  

• prediction of future frames in a video 

sequence  

• unsupervised learning for learning the 

structure of the world  

• the network learns internal representations  

• implicit learning of scene structure 
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Self-supervised Learning 
PredNet 
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Self-supervised Learning 
Xiaolong Wang (CMU, 2015): Visual tracking of 

object (follow the object while the video is rolling) 
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Self-supervised Learning 

Phillip Isola (UC Berkeley, 2016): even learns to 

group pictures by theme 
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Self-supervised Learning 

Carl Vondrick (MIT, 2016): predicting human actions 
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Self-supervised Learning 

Pulkit Agrawal (UC Berkeley, 2015): learn from the 

camera of a self-driving car 

 

Pre-training + Fine-tuning 
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Self-supervised Learning 

Mehdi Noroozi and Paolo Favaro (Univ. of Bern, 

2017): pre-training (jigsaw puzzle) + fine-tuning 

(classification task) 
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Self-supervised Learning 

PVM (Filip Piekniewski,UC San Diego, 2016):   

• Not based on deep learning 

• Sven Behnke and Raul Rojas (1998): both 

horizontal (lateral) and vertical (feedback and 

feedforward) loops 

• Rodney Douglas and Kevan Martin (2007): 

connectivity is mostly local 

• Learns from video tracking 
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Self-supervised Learning 

PVM 
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Self-supervised Learning 

 Chelsea Finn (UC Berkeley, 2016):  Learn from 

visual tracking and “imagine” possible futures 



105 

Self-supervised Learning 

 Deepak Pathak (UC Berkeley, 2017):   
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Self-supervised Learning 

 Olivia Wiles (Oxford, 2018): self-supervised 

networks trained only using videos 

• Facial Attributes-Net (FAb-Net): a self-for 

learning a facial attribute about pose and 

expression 

• X2Face for face puppeteering 
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Self-supervised Learning 

 Carl Vondrick (Google, 2018): networks for 

visual tracking trained using large amounts 

of unlabeled video  
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Self-supervised Learning 

 Chuang Gan (MIT, 2018): geometry as 

auxiliary supervision for the self-supervised 

learning of video representations 

37 = Wang (CMU) 

20 = Lee (UC Merced) 

24 = Misra (Facebook) 

10 = Feichtenhofer (Austria) 
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Self-supervised Learning 

 Andrew Owens (UC Berkeley, 2018): 

multisensory representation of video 
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Self-supervised Learning 

 Dahun Kim (South Korea, 2018): three-

dimensional representation of video 
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Self-supervised Learning 

Self-supervised learning forces the network to 

learn a higher-level representation that can 

then be used for other recognition tasks 
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Self-supervised Learning 

2016: the year of Deep Reinforcement 

Learning (e.g. AlphaGo) 

 

2017: the year of Generative Adversarial 

Networks (e.g. Pix2pix) 

 

2018: the year of Self-supervised Learning 
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Small-data algorithms 

Remedies when there aren’t enough data to train a 

neural network 

• Few-shot learning (like OpenAI's GPT) 

• Self-supervised learning 

• Transfer learning 

• Synthetic data generation  by GANs 
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Unsupervised Learning 

 Applications: Darktrace (2017) 
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Unsupervised Learning 

 Missing Data Methods: Alexei Efros (UC Berkeley) 
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Unsupervised Learning 

 Local aggregation (Daniel Yamins, Stanford) 
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Capsule Nets 

Geoff Hinton (2017) 

 Problem of convnets: 

 

 

Proposal of 2011: 

Implementation of 2017: 
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Dynamic Routing 

Bruno Olshausen (1993) 
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World Model 

David Ha & Jürgen Schmidhuber (2018) 

• V: a variational autoencoder  

• M: an LSTM recurrent neural network with 256 hidden units  

• C: a densely connected neural network  
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Concept Formation 

Igor Mordatch (OpenAI, 2018) 
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Concept Formation 

Vicarious (2018) 
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Concept Formation 

SCAN (DeepMind, 2018) 
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The next breakthroughs 

• Understanding and speaking 

natural language 

– Discourse analysis 

– Pragmatics 

– Mood analysis 

– … 

– Crystal Chao and Andrea 
Thomaz (Georgia Tech) 

– Ilya Sutskever (Google) 
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The next breakthroughs 

• Open-source toolkits 

– Stanford Core NLP suite 

– Natural Language Toolkit (nltk.org) 

– Apache’s OpenNLP 

– Google SyntaxNet 

– Matthew Honnibal’s Spacy.io 
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The next breakthroughs 

• National projects that changed the world 

– Apollo Program (1963) 

– Arpanet (1969) 

– Human Genome Project (1990) 

– BRAIN Initiative (2013) + Human 

Brain Project (2013) 
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The next breakthroughs 

• National projects that changed the world 

– BRAIN Initiative (2013) 
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The next breakthroughs 

• National projects that changed the world 

– BRAIN Initiative: Iarpa’s Microns 

(David Markovitz) 
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The next breakthroughs 

• New mathematical models 

– Salvatore Torquato 's 

hyperuniformity (2003) 

• From bird vision…  

• …to the large-scale 

structure of the 

universe 

– Etaphase (Salvatore 

Torquato) to manufacture 

"hyperuniform" photonic 

circuits, devices that 

transmit data via light 

rather than electrons 
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#1 most frequently asked 

question 

• Will robots be conscious? 

– The food industry slaughters 60 billion 
farmed animals (mammals, birds and 
fish) every year: why in heaven are we 
concerned for the consciousness of 
robots when we are not concerned for 
the consciousness of mammals and 
birds, whose brain is so similar to ours? 
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#1 most frequently asked 

question 

• Will machines become conscious? 

• Judea Pearl’s causal calculus at UCLA ("A 
Probabilistic Calculus of Actions", 1994) 

• Giulio Tononi (“Consciousness as Integrated 
Information - A Provisional Manifesto”, 2008) at 
the University of Wisconsin: the amount of 
integrated information in a neural network 
increases as larger and larger groups of neurons 
form and become independent self-standing units. 

• At each level of integration there is a probability of 
error in predicting the future state (the effect of a 
cause is unpredictable to a lower and lower 
degree) 
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#1 most frequently asked 

question 

• Will machines become conscious? 

• The state transitions can be mathematically 
modeled using Markov chains 

• There is a maximum scale at which system states 
reach the greatest causal power, and this could be 
the state at which desires and beliefs manifest 
themselves. 

• This is the state at which predicting future states 
becomes the most reliable. 

• If this is consciousness, then yes machines will 
become conscious. 
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#1 most frequently asked 

question 

• Will machines become conscious? 

• If this is consciousness, then yes machines 
will become conscious… 

• … just like the 60 billion mammals, birds and 
fish) that we slaughter every year 



133 

Beware of… 

• Smart appliances that try to understand 
your habits and customize your 
experience 
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Beware of… 

• Chatbots 

• Intelligent agents  

 

 

Wei Zexi’s parents (2016) 
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Beware of… 

• Driver-less cars = brain-less cars 
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The Age and AI and… 

• Roger Schank 
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The Age of A.I. and.. 

• Fake news 
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Protecting from A.I. 

• Future of Humanity Institute (Oxford) 

• Center for Science and Existential Risk (Cambridge) 

• Future of Life Institute (MIT) 

• Machine Intelligence Research Institute (San 
Francisco) 

• OpenAI (San Francisco) 
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Machine Ethics 

• Eliezer Yudkowsky: Friendly A.I. (2001) 

• Steve Omohundro: Transhuman Morality (2008) 

• Wendell Wallach, Colin Allen, and Iva Smit: 
artificial moral agents 
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The principle of complementarity in A.I. 

• For every activity that gets automated, someone 
will automate the counter-activity 

• Eg: If someone creates an automated recruiting 
assistant to recruit the best engineer, someone will 
create an automated resume writer to write the 
best resume that fools the recruiting assistant 

• Eg: If someone creates a travel assistant that picks 
the best combination of hotels, car rentals, trains, 
etc, someone will write a travel-agency assistant to 
offer a package that fools the travel assistant 

 

Niels Bohr 
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Jobs 

• India 
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Jobs 

• Boom of jobs  

• Very competitive talent market 

• Skyrocketing salaries in A.I. 

• Not enough A.I. engineers in the 
pipeline 

• Millions of job openings being created 
within the next decade 

• The age of hyper-employment 
(negative unemployment)? 

• The strategic good is not software 
(intelligent or not) but data 



Jobs in the Age of Robots 

• The Engineer of the Future:  

– The language of AI is computational mathematics  



Jobs in the Age of Robots 

• The Engineer of the Future 
October 2017 



Jobs in the Age of Robots 

• Training 
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Jobs 

• New kinds of jobs 

 

 

• The Chief A.I. Officer 
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Jobs 

• The Chief A.I. Officer (CAIO) 

– Good technical understanding of AI and Big 
Data: what can A.I. really do? 

– Communication and management skills 

– Charisma to attract AI talent in a very 
competitive job market 

– Someone who doesn't tweet all the time but 
actually understands the issue 
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Jobs 

• Why the protagonists of deep learning tend to be 
foreign-born? 
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Do robots steal our jobs? 

• The countries with the highest number of robots… 
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Do robots steal our jobs? 

• … are also the countries with the lowest 

unemployment 

150 
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Do robots steal our jobs? 

• Technology and wealth 
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Do robots steal our jobs? 

• What will be the effect of hyper-technology on 

employment? Hyper-employment. 
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Do robots steal our jobs? 

• They already stole millions of jobs: the traffic guards! 

153 
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Jobs 

• Maybe it is time to rethink the economy: why not 

universal basic income? 

154 
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The AI Brain Drain 

• Google: Andrew Ng (2011 from Stanford), Geoff 
Hinton’s team (2013 from Toronto) 

• Facebook: Yann LeCun (NYU) 

• Microsoft: Geoffrey Zweig (Berkeley) 

• OpenAI: Sutskever (Toronto via Google) 

• JP Morgan: Afsheen Afshar (Stanford), Geoffrey 
Zweig (Berkeley via Microsoft) 

• Tesla: Karpathy 
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The AI Brain Drain 

• Good or bad? 

• 1950s: Semiconductor Brain Drain as leading 
scientists joined industrial R&D labs 

• One of them was William Shockley (Beckman 
Instruments, 1956) 

• who in turn hired some of the best graduate 
students in the nation 

• who in turn founded Fairchild and thired the best 
graduate students in the nation 

• who in turn created Silicon Valley as it is today. 
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What A.I. will not give us 

• Free humans to pursue arts and sciences 

• Accelerate new discoveries in science and tech 

• Increased efficiencies 

• Unemployment 

• Machine ethics 
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What A.I. will give us 

• More automation  

• Faster, cheaper, more accurate services 

• A whole new class of jobs 

• DYI customer support 

• More rules and regulations to allow dumb 
machines to work in the human world 

• A dumber human brain 

• Bigger inequality gap and bigger gap between 
developed and underdeveloped countries 

• Fake news 

• Cyber-terrorism 

• Cyborgs 
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Don’t be afraid of the robot 

• AI systems "don't have the intentionality, really, 
even of an insect“ (Rodney Brooks) 
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Don’t be afraid of the robot 

• We need AI soon. 

• The society of robots will create new jobs 
that today we can’t even imagine. 

• Who would have imagined that the same 
technology that  gave us computer 
automation would create millions of  
jobs in mobile communications? 
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The world we live in… 

You are  already 
surrounded by 
robots… 
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The world we live in… 

• You are  already surrounded by robots… 
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The world we live in… 

• You are  already surrounded by robots… 
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Don’t be afraid of the robot 

• Robots will create an even more complex 
society in which human intelligence  will be 
even more important. 

• The future always surprises us. 

The robots are coming! 
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Journalist: Are you afraid of A.I.? 
 
Piero: I am afraid that it will not 
come soon enough! 
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A.I. is not magic 

A.I. is just computational math applied to 

automation 

The border between A.I. and plain Computer 

Science is blurred 

When does Computer Science become A.I.? It 

depends on whether the term is fashionable 

or not. 

The theory of the singularity belongs to the 

realm of religion, not science 

Automation will cause hyper-employment 

Some Conclusions 
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The End (for now) 

“A man provided with paper, pencil, and rubber 
(and subject to strict discipline) is in effect a 
universal machine” 

(Alan Turing, 1948) 

 

"Computers are useless: they can only give 
you answers“ 

    (Pablo Picasso) 

 Contact: p@scaruffi.com 
Index: http://www.scaruffi.com/singular 
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Next… 

• See http://www.scaruffi.com/singular for the 
index of this Powerpoint presentation and 
links to the other parts 

 


