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Modern A.I.

The Age of Deep Learning



Deep Learning



Deep Learning

Training multilayered networks

1989: Yann LeCun’s LeNet-1

2006: Geoffrey Hinton's Deep Belief Networks

2007: Yoshua Bengio's Stacked Autoencoders



Deep Learning

2006: Hinton's Deep Belief Networks



Deep Learning

2007: Yoshua Bengio's Stacked Autoencoders



Deep Learning

2011: Yoshua Bengio's ReLu



Deep Learning

Deep Learning

Michael Jordan

Andrew Ng

Hinton Lecun Bengio



Trivia: The Stars of Deep Learning

Kunihiko Fukushima: Japan

Hava Siegelmann: Israel

Sepp Hochreiter: Germany

Juergen Schmidhuber: Switzerland

Yann LeCun: France

Geoffrey Hinton: Britain/ Canada

Yoshua Bengio: France/ Canada

Andrew Ng: China

Daniela Rus: Romania

Fei-fei Li: China

Sebastian Thrun: Germany

DeepMind: Britain/ New Zealand

Ilya Sutskever: Russia

Quoc Le: Vietnam



Trivia: The Stars of Deep Learning

Jitendra Malik: India

Dong Yu: China

Oriol Vinyals: Spain

Ian Goodfellow: Canada

Karen Simonyan: Armenia

Andrew Zisserman: Britain

Christian Szegedy: Germany

Aja Huang: China

Kaiming He: China

Jian Sun: China

Andrej Karpathy: Slovakia/ Canada

Pieter Abbeel: Belgium

Ronan Collobert: France

Yangqing Jia: China

Rajat Monga: India

Richard Socher: Germany



Trivia: The Stars of Deep Learning

Elon Musk: South Africa

Jen-Hsun Huang: Taiwan



Trivia: The Women of Deep Learning

Hava Siegelmann, Univ of Massachusetts 

Fei-Fei Li, Stanford Univ

Daphne Koller, Calico Labs

Cynthia Breazeal, Jibo

Andrea Frome, Clarifai

Rana el Kaliouby, Affectiva

Hua Wu, Baidu 

Angelica Lim, Simon Fraser Univ

Daniela Rus, MIT

Jane Wang, Google DeepMind

Rama Akkiraju, IBM Watson

Suzanne Gildert , KindredAI

Raia Hadsell, DeepMind

Raquel Urtasun, Univ of Toronto

Leslie Kaelbling, MIT

Jeannette Bohg, Max Planck Inst



The Homeland of Deep Learning



Deep Learning

2010: The ImageNet challenge (ILSVRC)



Deep Learning

Annus mirabilis of Deep Learning: 2012

Deep
Learning



Deep Learning

AlexNet: 8 layers
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Deep Learning

• Andrew Ng’s Google Brain (2012): 1.7 

billion connections (and 16,000 

processors) learn to recognize cats in 

YouTube videos

20
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2010s

• Schmidhuber @ IDSIA (2013)

21



22

2010s

• 2015: Jun Sun's team at Fujitsu's 

Chinese laboratories surpasses human 

performance in handwritten Chinese 

character recognition

22
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Deep Learning

Region-based CNNs (Jitendra Malik’s team, 
2013)

• Objection detection
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Deep Learning

• Speech recognition



Deep Learning

Annus mirabilis of Deep Learning: 2012

Why did it take until 2012?

Too many parameters to be learned from too few labeled 

examples

Processing speed wasn‟t there before Google paid for it

Training datasets weren‟t big enough earlier

Thus to the Eastern wealth through Storms we go,

But now, the Cape once doubled, fear no more:

A constant Trade-wind will securely blow,

And gently lay us on the Spicy shore.

(John Dryden, Annus Mirabilis, 1667)
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The real heroes of Deep Learning

Nvidia’s GPUs

Deep Learning 

is born
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Nvidia’s CEO, Jen-Hsun Huang, delivers the first 

DGX-1 to Elon Musk’s OpenAI (2016)



The real heroes of Deep Learning

Google Tensor Processing Unit (2016)

Intel Nervana (2017)
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Unsung Heroes: The datasets

1990: Switchboard-1 Telephone Speech Corpus (TI)

1991: Continuous Speech Recognition (CSR) Corpus

1993: FERET (Army Research Lab)

1994: ORL face dataset (Olivetti)

1996: Broadcast News corpus

1999: MNIST handwritten-digit dataset (NYU)

2000: PASCAL VOC

2007: Tiny Images Dataset (MIT)

2007: Labeled Faces in the Wild (University of Massachusetts)

2009: ImageNet

2013: dataset of Atari games (University of Alberta)

2014: COCO (Microsoft)
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Unsung Heroes: The datasets

Videos:

Human3.6m (2014, Romanian Academy)

YouTube-8M (2016, Google)

Kinetics-600 (2017, Oxford)

Human-machine interaction:

SEMAINE (2007, Queen's University Belfast)

Cam3D (2011, Cambridge)

MAHNOB-HCI (2011, ICL)

Facial expressions:

EAGER (2013, Binghamton Univ)

FaceWarehouse (2014, Zhejiang Univ)

CelebA (2015, Hong Kong)

DCU (2014, Dublin City Univ)
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Unsung Heroes: The datasets

Scenes:

LSUN (2015, Princeton University)

Human interactions:

DCU (2014, Dublin City Univ

Machine translation:

UM (2014, Macau Univ)

Tvsub & Mvsub (2016, Dublin City Univ)

Reading comprehension:
SNLI (2015, Stanford)

SQuAD (2016, Stanford)

MARCO (2016, Microsoft)

WebText (2018, OpenAI)

Sentiment analysis:

LMRD (2011, Stanford)

SST (2013, Stanford)
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Unsung Heroes: The Platforms

• Open-source platforms for deep learning

– Torch (Ronan Collobert @ IDIAP, Switzerland, 

2002) 

– Theano (Bengio’s group @ Univ of Montreal, 

Canada,  2010)

– Caffe (Yangqing Jia @ UC Berkeley, 2013)

– TensorFlow (Rajat Monga @ Google, 2015)



Deep Learning

• Scales well with memory/data/computation

• Solves the representation learning problem

• State-of-the-art for images, audio, 

language, ...



Deep Learning

Deep Learning mimics the workings of the 

brain: the audiovisual cortex works in 

multiple hierarchical stages
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Artificial Intelligence
Genealogy of Intelligent Machines

Hydraulic machines

Steam engines

Cybernetics

Neural networks

Logic

Hilbert

Turing Machine

Computers

Expert Systems
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Progress in Neural Networks

• Physics: Hopfield’s recurrent neural 
networks mimic annealing

• Neuroscience: Fukuyama’s convolutional 
neural networks mimic the cat’s visual 
system

• Rediscovery of old mathematics (mainly 
optimization and control methods)
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2010s

2014: Microsoft‟s Skype Translator, a real-time 
spoken language translation system

2014: IBM’s TrueNorth processor 
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The 2010s
• Widespread adoption of image 

recognition

– Facebook’s DeepFace (2015)

• Deep Face (2014) claims 97% 

accuracy… but mysteriously 

disappears

– Microsoft's CaptionBot (2016)
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2010s
• Facebook (2010): face recognition

• FindFace (2016): identify the pictures of 

strangers

• Face++: pay with your face

39
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The 2010s
• Face-reading algorithms: detecting human emotion 

(eg Emotient)
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The 2010s
• Gadgets for

– Speech Recognition

– Image Recognition

41



State of the Art in Deep Learning

• Perceptron 

• CNN = Convolutional Neural Networks (face 

recognition, object identification, disease detection)

• RNN/ LSTM = Recurrent Neural Networks (speech 

recognition,  translation, caption generation)

• GAN = Generative Adversarial Networks (image 

generation, style transfer)

• DRL = Deep Reinforcement Learning (robot training, 

game playing)
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Evolution of Neural Networks

Perceptrons

Recurrent

Neural

Networks

Generative

Adversarial

Networks

Deep

Learning

1960s

1980s

2010s

Convolutional

Neural

Networks

1990s

2000s

Reinforcement

Learning

1970s

Foundation

Models

2020s
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Evolution of Neural Networks

Not much has changed…
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Very Deep Learning

Most influential architectures:

• AlexNet (2012)

• R-CNN (2013)

• VGGNet or VGG-16 (2014)

• GoogleNet or Inception (2014)

• DeepFace (2014)

• ResNet (2015)

• Conditional networks (2016)

• Inception v4 and Inception-ResNet (2016)

• SqueezeNet (2016)

• ResNeXt (2017)



Very Deep Learning

Most influential architectures:

• AlexNet (2012)



Very Deep Learning

Most influential architectures:

• R-CNN (2013) – Ross Girshick and Jitendra Malik



Very Deep Learning

Most influential architectures:

• VGGNet or VGG-16 (2014) –

Karen Simonyan & Andrew 

Zisserman



Very Deep Learning

Most influential architectures:

• GoogleNet or Inception (2014) – Christian Szegedy

– The first layers is a “depthwise separable convolution” 

(Laurent Sifre , 2013)



Very Deep Learning

Most influential architectures:

• GoogleNet or Inception (2014) – Christian Szeged



Very Deep Learning

Most influential architectures:

• DeepFace (2014) – Lior Wolf



Very Deep Learning

Most influential architectures:

• Network-in-Network/ NiN (2014) –

Shuicheng Yan



Very Deep Learning

Most influential architectures:

• ResNet (2015) – Kaiming He, Jian Sun – 152 layers

• Another “network-in-network architectures” like Inception



Very Deep Learning

Most influential architectures:

• ResNet with identity mappings (2016) – Kaiming He –

1001 layers
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Very Deep Learning
2016: Microsoft’s conditional networks – Antonio 

Criminisi



Very Deep Learning

Object detection (improving R-CNN):

• SPPnet (2014)

• Fast RCNN (2014)



Very Deep Learning

Object detection (improving R-CNN):

• Faster RCNN (2015)

• Yolo (2016)



Very Deep Learning

Batch Normalization (Sergey Ioffe and Christian 

Szegedy at Google, 2015)

A way to accelerate the training of a deep 

network



Very Deep Learning

Most influential architectures:

• Inception-v4 (2016)

• Inception-ResNet (2016)



Very Deep Learning

Most influential architectures:

• Inception v1 - Introduced inception blocks and one 

“depthwise separable convolution”

• Inception v2 - Added batch normalization (Dec 2015)

• Inception v3 - Factorized the inception blocks further

• Inception v4 - Adds residual connections (2016)



Very Deep Learning

Most influential architectures:

• SqueezeNet (2016) – Kurt Keutzer



Very Deep Learning

Most influential architectures:

• Xception (2016, Francois Chollet) replaces all Inception 

modules with “depthwise separable convolutions”



Very Deep Learning

Most influential architectures:

• ResNeXt (2017) – Ross Girshick, Kaiming He



Very Deep Learning

Most influential architectures:

• R-net (2017) – Microsoft China

– Bidirectional RNN for reading comprehension  

(Mikolov et al., 2010)  (Wang & Jiang , 2016) 
Furu Wei



Very Deep Learning

Most influential architectures:

• FractalNet (Chicago, 2017)

• PolyNet (Hong Kong, 2017)



Very Deep Learning

Most influential architectures:

• Tsung-wei Ke’s Multigrid networks (2017)



Very Deep Learning

Most influential architectures:

• Gao Wang’s MSDNet (2018)
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Very Deep Learning
The Power of Depth

Ronen Eldan and Ohad Shamir prove that "depth can be 

exponentially more valuable than width“ (2016).



Huang’s Law

"Nvidia’s GPUs today are 25 times 

faster than 5 years ago" (Nvidia 

CEO Jensen Huang , April 2018)

2012: It took six days on two Nvidia 

GTX 580s to train AlexNet

2018: It takes 18 minutes with the 

Nvidia DGX-2

70
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Huang’s Law
2016: Nvidia’s Volta

2016: Nvidia’s DGX-1: 8 GPUs + software to 

train neural networks



Huang’s Law

Google‟s TPU (programmed via TensorFlow and offered 

via Google Cloud)

Internal search ranking model training (2018):

~9 hours on 1/4 pod vs. ~132 hours on 275 high end CPU machines 

(14.2 times faster)

Internal image model training:

~22 hours on 1/4 pod vs. ~216 hours on previous production setup 

(9 times faster)
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A.I. for Makers

Let‟s start with the easy part: how can a maker build A.I. 

systems?

Luckily, this is increasingly easy.
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A.I. for Makers

Arduino & Raspberry

• Google TensorFlow available for Raspberry Pi

• Dobot‟s Arduino A.I. Suite
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A.I. for Makers

Google Coral
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A.I. for Makers

Nvidia Jetson
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A.I. for Makers

HiKey

Sipeed

Horned Sungem

Intel

77



A.I. for Makers

Free resources

• Google‟s AI Education site https://ai.google/education

• Free online book "Neural Networks and Deep Learning“ 

http://neuralnetworksanddeeplearning.com/

• Free Online Course  "Creative Applications of Deep Learning 

with TensorFlow“ 

https://www.classcentral.com/course/kadenze-creative-

applications-of-deep-learning-with-tensorflow-6679

• David Silver's course on Reinforcement Learning on YouTube 

https://www.youtube.com/watch?v=2pWv7GOvuf0
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A.I. for Makers

Udemy's 14-hour video course

“Deep Learning with Python”
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A.I. for Makers

The tools are the easy part… the problem is what to do with the 

tools…

You can do simple things like robots that say “hello” and 

recognize objects…

… but A.I. wants to do much more

What is A.I. studying now?

80



Very Deep Learning

ImageNet 2012-15



Binarized Networks

Binarized Networks (2015)



Ternary Networks

Ternary Networks (2016)



Reinforcement Learning



Reinforcement Learning

Supervised learning: learning from a dataset 

of positive instances (e.g., object 

recognition).

Unsupervised learning: clustering objects 

together by similarity (e.g., concept 

formation)

Reinforcement learning: improving 

performance by direct interaction with the 

environment



Reinforcement Learning

Edward Thorndike (1911): "The greater the 

satisfaction or discomfort, the greater the 

strengthening or weakening of the bond."

Ivan Pavlov (1926): “The magnitude and 

timing of the conditioned response 

changes as a result of the contingency 

between the conditioned stimulus and the 

unconditioned stimulus”.

Burrhus Skinner (1938): “The only differences 

between the behavior of rat and man lie in 

the field of verbal behavior.”

Donal Hebb  (~1946): Neurons that fire 

together wire together



Reinforcement Learning

Claude Shannon (1949): use an evaluation 

function to help a computer learn how to 

play chess

Marvin Minsky’s thesis (1954)

Richard Bellman (1957): dynamic 

programming/ optimal control

Arthur Samuel (1959): checkers program

Donald Michie (1961): MENACE program

Harry Klopf (1972): neurons actively seek 

"excitatory" signal and avoid "inhibitory" 

signals.



Reinforcement Learning

Ian Witten (1977): actor-critic method

John Holland (1977): classifier systems

Richard Sutton (1981): temporal-difference 

method

Bart Kosko (1986): differential Hebbian 

learning

Chris Watkins (1989): Q Learning



Reinforcement Learning

Gerald Tesauro (1992): reinforcement learning 

to play backgammon

Wulfram Gerstner (1996): neuronal dynamics

David Fogel (1996): evolutionary algorithm to 

learn checkers

…

DeepMind (2013): deep reinforcement learning 

to play Atari games

DeepMind (2016): deep reinforcement learning 

for continuous action



Reinforcement Learning

• Unsupervised learning 

• A computational approach to goal-directed 

learning from interaction between an active 

decision-making agent and its environment

• Learning what to do so as to maximize a 

reward

• The four pillars of reinforcement learning: a 

policy, a reward function, a value function, 

and a model of the environment

• Learning by self-play

Andrew Barto
Richard Sutton

Harry Klopf: 
“The Hedonistic 
Neuron” (1982)



Reinforcement Learning

• Policy-based RL. Search directly for the 

policy achieving maximum future reward

• Value-based RL. Estimate the maximum 

value achievable under any policy

• Model-based RL. Build a transition model 

of the environment



Reinforcement Learning

• Markov Decision Process:

– Set of states, S

– Set of actions, A

– Reward function, R

– Policy, π

– Value, V

• Action (A) transitions from start state to end 

state (S) and is assigned a (positive or 

negative) reward (R)

– Policy: set of actions 

– Value: set of rewards

• Goal: choose policy that maximizes value



Reinforcement Learning

• Markov Decision Process:

– Richard Bellman’s "value iteration" method (1957)

– Ronald Howard’s "policy iteration" method 1960)



Reinforcement Learning

• Q-learning 

• Sarsa

• TD-learning 



Reinforcement Learning
Deep Reinforcement Learning

• Applying DL to RL

• Use a deep network to represent value 

function and/or policy and/or model

• Optimise the value function and/or policy 

and/or model 

• Combines CNN and RL



Deep Reinforcement Learning
Deep Reinforcement Learning

• Deep Q-Networks (DQN) provide a stable 

solution to deep value-based RL 

(Volodymyr Mnih, 2013)



Deep Reinforcement Learning

Deep Reinforcement Learning

• Note: DQN fails at Montezuma Revenge

Note: DQN fails at Montezuma Revenge

The Limitations of

Reinforcement Learning

DQN fails at Montezuma Revenge



Deep Reinforcement Learning
Arun Nair’s GORILA (2015)

First massively distributed architecture for deep 

reinforcement learning

A lot faster implementation of DQN 

Four main components: 

parallel actors that generate 

new behavior; parallel 

learners that are trained 

from stored experience; a 

distributed neural network 

to represent the value 

function or behavior policy; 

and a distributed store of 

experience. 
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Reinforcement Learning

• Computer go/weiqi

– 2009: Fuego Go (Monte Carlo program by Univ. 

of Alberta) beats  Zhou Junxun

– 2010: MogoTW (Monte Carlo program 

developed in 2008 by a Euro-Taiwanese team) 

beat Catalin Taranu 

– 2012: Tencho no Igo/ Zen (Monte Carlo program 

developed by Yoji Ojima in 2005) beat Takemiya 

Masaki 

– 2013: Crazy Stone (Monte Carlo program by  

Remi Coulom in 2005) beat Yoshio Ishida

– Pachi (open-source Monte Carlo program by Petr 

Baudis)
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Reinforcement Learning
2016: Google/DeepMind’s AlphaGo beats the 

weiqi champion Se-dol Lee 
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Reinforcement Learning

2017: AlphaGo beats the Go champion Ke Jie
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Reinforcement Learning

AlphaGo (2016)
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Reinforcement Learning

2017: AlphaGo architecture

© Bob van den Hoek
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Reinforcement Learning

AlphaGo architecture

Training policy and 
value networks
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Reinforcement Learning

AlphaGo architecture

Planning with an environment model and 
Monte Carlo Tree Search
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Deep Reinforcement Learning

Fanuc/ Preferred Networks robot (2015)

Toyota’s self-teaching car (2016)
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Deep Reinforcement Learning

AlphaGo Zero (2017)
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Deep Reinforcement Learning

AlphaGo Zero (2017)

Playing go without human knowledge
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Deep Reinforcement Learning

AlphaGo Zero (2017)

Playing go without human knowledge
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Deep Reinforcement Learning

AlphaGo Zero (2017)

Playing go without human knowledge
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Deep Reinforcement Learning

AlphaGo Zero (2017)

– Learns the rules 
of go in three 
hours

– Consumes 12 
times less power 
than AlphaGo 
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Deep Reinforcement Learning

AlphaGo Zero (2017)

– Combines policy 
and value into 
just one neural 
network

– Monte-Carlo 
tree search with 
policy-iteration 



113

Deep Reinforcement Learning

AlphaZero (2017)

– Learns multiple games (eg chess)
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Deep Reinforcement Learning

AlphaZero (2017)

– Hassabis at MIT (2019)
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Deep Reinforcement Learning

AlphaZero (2017)

– Hassabis at MIT (2019)
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Deep Reinforcement Learning

Tools

2016 OpenAI Gym, a toolkit for research on 
reinforcement learning, 

2017 OpenAI Roboschool, a software environment to 
create real-world simulations for training robots.
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Deep Reinforcement Learning

Methods

John Schulman's proximal policy optimization (PPO, 2017)
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Deep Reinforcement Learning

Methods

Deep Mind‟s Rainbow (2017)
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Deep Reinforcement Learning

Challenging Environments

PPO to train a robot in Roboschool environments

E.g. an agent tries to reach a target (the pink sphere), 
learning to walk, run, turn, recover from being hit by objects,  
and get up again when  knocked over.
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Deep Reinforcement Learning

Challenging Environments

PPO to train a robot in Roboschool environments

Agents trained with PPO develop flexible movement policies 
that let them improvise turns and tilts as they head towards a 
target location
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Deep Reinforcement Learning

Challenging Environments

PPO to teach complicated, simulated robots to walk, 
like the „Atlas‟ model from Boston Dynamics:  the 
model has 30 distinct joints, versus 17 for the bipedal 
robot
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Deep Reinforcement Learning

Reinforcement Learning: Issues

1. Reinforcement learning is highly unnatural: humans 
don’t need thousands of examples
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Deep Reinforcement Learning

Reinforcement Learning: Issues

2. Simpler algorithms can solve the same problems
– Jeff Clune's team at Uber AI Labs ("Deep Neuroevolution: 

Genetic Algorithms Are a Competitive Alternative for Training 
Deep Neural Networks for Reinforcement Learning", 2017), 

– Tim Salimans at OpenAI ("Evolution Strategies as a Scalable 
Alternative to Reinforcement Learning", 2017) 

– Aravind Rajeswaran at the University of Washington
("Towards Generalization and Simplicity in Continuous 
Control", 2017) 

– Horia Mania and Aurelia Guy at UC Berkeley ("Simple 
Random Search Provides a Competitive Approach to 
Reinforcement Learning", 2018)
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Deep Reinforcement Learning

3. Designing the correct reward function is extremely 
difficult in the real world

4. Balancing exploration and exploitation ("the multi-
armed bandit problem"): DQN could play Atari games 
so well but not Montezuma Revenge, a game that 
requires more exploration.
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Deep Reinforcement Learning

Go belongs to the simplest category of A.I. problems: 

• deterministic, 

• fully observable and known, 

• discrete 

• static 

2018: OpenAI Five learns from scratch the 
multiplayer videogame Dota 2  (neither fully 
observable/known nor discrete nor static)

Note: OpenAI Five uses proximal policy 
optimization

2018: and then applies to robotic hand Dactyl to 
learn to manipulate cubes
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Deep Reinforcement Learning

2018: … and then applies to robotic hand Dactyl to 
learn to manipulate cubes
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Deep Reinforcement Learning

OpenAI Five (2018)
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Deep Reinforcement Learning

OpenAI Five (2018)

OpenAI Five trains by playing 180 years worth of 
games against itself every day, running on 256 GPUs 
and 128,000 CPU cores, using a separate LSTM for 
each hero
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Deep Reinforcement Learning

OpenAI Five (2018)

OpenAI Five contest
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Deep Reinforcement Learning

OpenAI Five (2018)

but…
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Deep Reinforcement Learning

October 2019

OpenAI's robotic arm solves the Rubik’s Cube using 
OpenAI Five's reinforcement learning algorithm + Josh 
Tobin's Automatic Domain Randomization (ADR)  
which endlessly generates progressively more difficult 
environments in simulation. This frees us from having 
an accurate model of the real world (2017)

ADR generates endlessly more complicated simulation 
environments which help train the robotic arm.

Similarly Rui Wang's Paired Open-Ended Trailblazer 
(POET) at Uber endlessly generates increasingly 
complex  learning environments (2019)
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Deep Reinforcement Learning

OpenAI's robotic arm solves the Rubik’s Cube  (2019)

Josh Tobin: Automatic Domain Randomization - ADR 
(2017)



133

Deep Reinforcement Learning

Microsoft investment in OpenAI (2019)
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Deep Reinforcement Learning

Rui Wang: Paired Open-Ended Trailblazer – POET (Uber, 
2019)
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Deep Reinforcement Learning

DeepMind AlphaStar (2018)
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Deep Reinforcement Learning

DeepMind AlphaStar (2018)
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Deep Reinforcement Learning

DeepMind AlphaStar (2018)
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Deep Reinforcement Learning

DeepMind AlphaStar (2018)
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Deep Reinforcement Learning

DeepMind AlphaStar (2018)
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Deep Reinforcement Learning

DeepMind AlphaStar plays StarCraft (2019)



Deep Reinforcement Learning

Robot training

DQN works well for videogames, which have a discrete action space, 
but it cannot be used for the continuous spaces of robot movement.

DDPG for continuous action spaces (DeepMind, 2016)
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Deep Reinforcement Learning

Robot training

Train the visual system and the motor system at the same time

The visual system adapts to the motor system, i.e. to the goal

Turning policy search into supervised learning
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Deep Reinforcement Learning

Robot vision and manipulation

Kalashnikov & Levine (UC Berkeley + Google, 2018)
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Deep Reinforcement Learning

Robot training
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Deep Reinforcement Learning

Chemical industry: optimizing chemical reactions
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Deep Reinforcement Learning

Resource management (like Skynet in “Terminator”!)
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Deep Reinforcement Learning

Multi-agent reinforcement learning
E.g. OpenAI Five: Dota 2 AI agents are trained to 

coordinate with each other to compete against humans

UC Berkeley: Rlib (2018)
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Deep Reinforcement Learning

Multi-agent reinforcement learning

• Most successes of RL are in single-agent 
scenarios

• Multi-agent (multiple players interacting)
– imperfect information 

– joint action space 

– large state space 

– delayed credit assignment 

Note: the probability of taking a gradient step in the correct direction 

decreases

exponentially with the number of agents (Lowe et al., 2017)

Note: the “LazyAgent Problem” (Sunehag et al., 2017)
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Deep Reinforcement Learning

Multi-agent reinforcement 
learning
– Challenge: SC2LE1 
(StarCraft II Learning Environment)

• a multi-agent reinforcement-
learning environment based 
on the StarCraft II video 
game (DeepMind, Oriol 
Vinyals, 2017)
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Deep Reinforcement Learning

Multi-agent reinforcement learning

Decentralized Actor Centralized Critic 
(Ryan Lowe & Yi Wu, OpenAI, 2017)
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Deep Reinforcement Learning

Multi-agent reinforcement learning

Counterfactual Multi-agent or COMA 
(Jakob Foerster & Gregory Farquhar, 
Oxford Univ, 2017)

QMIX (Oxford, 2018)
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Deep Reinforcement Learning

Multi-agent reinforcement learning

Social Influence as Intrinsic Motivation (MIT 
+ DeepMind, 2019)
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Deep Reinforcement Learning

DRL for continuous action spaces 
(e.g. robot behavior)

D4PG (Timothy Lillicrap, 
DeepMind, 2018)
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Deep Reinforcement Learning

Model-based DRL

PETS (Kurtland Chua, UC Berkeley, 2019)
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Deep Reinforcement Learning

Model-based DRL

PETS (Kurtland Chua, UC Berkeley, 2019)
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Deep Reinforcement Learning

Model-based DRL

Google Brain’s SimPLe (Finn, Levine, etc 2019)
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Deep Reinforcement Learning

Model-based DRL

Google Brain’s SimPLe (Finn, Levine, etc, 2019)
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Deep Reinforcement Learning

Model-based DRL

Performance of Simple
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Deep Reinforcement Learning

Model-based DRL

DeepMind’s Deep Planning Network 
(PlaNet, Danijar Hafner & Timothy 
Lillicrap, 2019)

Stochastic
Deterministic 

and 

stochastic

Deterministic

Latent 

overshooting

Too slow
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Deep Reinforcement Learning

Model-based DRL

DeepMind’s PlaNet (2019)

Training time:
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Deep Reinforcement Learning

Model-based DRL

DeepMind’s PlaNet (2019)
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Deep Reinforcement Learning

DRL & Evolutionary algorithms

Shauharda Khadka & Kagan Tumer: 
Collaborative Evolutionary 
Reinforcement Learning (2019)
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Deep Reinforcement Learning

Distributed DRL: 

• R2D2 (DeepMind, 2018): model-free RL

• MuZero (DeepMind, 2019): model-based RL

• Agent 57 (DeepMind, 2020), based on NGU, 
which is based on R2D2
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Deep Reinforcement Learning

Distributed DRL: 



165

Deep Reinforcement Learning

Distributed DRL: 



Recurrent Neural Nets

• Using RNNs to guess the next word

• Using RNNs for machine translation

• Using RNNs for scene analysis



Recurrent Neural Nets

• Using RNNs to generate sequences

– Alex Graves (2014)



Recurrent Neural Nets

• Using RNNs for machine translation
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Recurrent Neural Nets

• Google translation of Piero Scaruffi’s 

article on Frank Zappa



Recurrent Neural Nets

• Using RNNs for scene analysis (Oriol Vinyals)



Recurrent Neural Nets

• Scene analysis (Karpathy & Fei-fei Li)
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Recurrent Neural Nets
2014: Image captioning

Fei-Fei Li's on algorithm to annotate photos
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Recurrent Neural Nets
2014: Google’s Scene Analysis system (Vinyals)
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Recurrent Neural Nets
2014: Google’s Scene Analysis system (Vinyals)
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Recurrent Neural Nets
But note…
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Recurrent Neural Nets

Using RNNs and variational autoencoders to 

generate images (DeepMind, 2015)
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Deep 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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Variational Autoencoders

2013: Max Welling and Diederik Kingma

2014: Danilo Rezende, Shakir Mohamed, 
Daan Wierstra

Application: generate images that are similar 
to the ones in the training dataset
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Variational Autoencoders

Continuous-time neural networks

• Barak Pearlmutter (1995)

• Ricky Chen’s Neural ordinary differential 
equations (2018)
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Generative Adversarial Networks

Ian Goodfellow (2014)

Alex Radford (2015)
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Generative Adversarial Networks

Loss functions



Generative Adversarial Networks



Generative Adversarial Networks

Conditional GAN (Mehdi Mirza @ Univ Montreal, 2014)



Generative Adversarial Networks

GANs of 2016

• InfoGAN (Xi Chen @ UC Berkeley, 2016)

• Semi-supervised GAN (Augusto Odena @ Google, 2016)

• Auxiliary Classifier GAN (Augusto Odena @ Google)



Generative Adversarial Networks

• More than 100 variants of GANs are introduced 

in 2017 



Generative Adversarial Networks

Text to image synthesis



Generative Adversarial Networks

Caption generation



Generative Adversarial Networks

Video generation

Vondrick & Torralba (MIT)

Vondrik    Torralba



Generative Adversarial Networks

Video generation

Clark & Simonyan (DeepMind, 2019)
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Generative Adversarial Networks

Video Generation



Generative Adversarial Networks

• Image-to-image traslation

– Alexei Efros (UC Berkeley) – Pix2pix

– Ming-yu Liu (Nvidia)



Generative Adversarial Networks

• Image-to-image traslation

– Alexei Efros (UC Berkeley)



Generative Adversarial Networks

• Image-to-image traslation

– Ming-yu Liu (Nvidia)



Generative Adversarial Networks

• Photorealistic faces of fake celebrities (Jaakko Lehtinen, 2017)



Generative Adversarial Networks

• Photorealistic faces of fake celebrities (Tero Karras, 2018)



Generative Adversarial Networks

• WGAN-GP (Aaron Courville, 2017)



Generative Adversarial Networks

• BEGAN (Google Brain, 2017)



Generative Adversarial Networks

• SAGAN (Rutgers, 2018)



Generative Adversarial Networks

• BigGAN (DeepMind, 2018): 

details generated based on 

long-range dependencies 

(using Xiaolong Wang‟s self-

attention)
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Generative Adversarial Networks

McAuley fashion (2017)
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Generative Adversarial Networks

Nvidia GauGAN (2018)
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Generative Adversarial Networks

Video-to-video

• Dongdong Chen: COVST (Microsoft Research Asia, 

2017)
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Generative Adversarial Networks

Video-to-video

• Ting-Chun Wang 

(Nvidia, 2018)
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Generative Adversarial Networks

Leon Gatys and Alexander Ecker’s "A Neural Algorithm 

of Artistic Style“ (2015): style and content (Neural 

Style Transfer) 

Leonid Afremov Neural Network
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Generative Adversarial Networks

Multi-style transfer

Xinyuan Chen (Jiao Tong Univ, 2019)



Generative Adversarial Networks

• AI generates new style



Generative Adversarial Networks

• Cornell Univ‟s style-transfer network (2017)



Generative Adversarial Networks

• Nvidia‟s face generator (2018)
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Platforms
• Open-source platforms for deep learning

– Torch (Ronan Collobert @ IDIAP, Switzerland, 

2002): flexible

– Theano (Bengio’s group @ Univ of Montreal, 

Canada,  2010): easiest to install

– Caffe (Yangqing Jia @ UC Berkeley, 2013)

– TensorFlow (Rajat Monga @ Google, 2015): 

scalable

– Chainer (Seiya Tokui @ Preferred Networks, 

Japan, 2015): RNNs with LSTM
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Platforms
• Open-source platforms for deep learning

– Pytorch (Soumith Chintala @ Facebook, 2016)

– Keras (Francois Chollet @ Google, 2015) 

which (in 2018) ships out-of-the-box with 5 

CNNs pre-trained on the ImageNet dataset

• VGG16

• VGG19

• ResNet50

• Inception V3

• Xception

210
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Platforms
• Open-source platforms for deep learning

– MXNet (UW, NYU, NUS, MIT, CMU, 2015)

– ONNX (Facebook and Microsoft, 2017)

– Gluon (Microsoft and Amazon, 2017)
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Platforms
• Open-source platforms of 2018

– Fast.ai library for training of neural nets

– Facebook: Detectron for object detection

– Google: Dopamine for fast prototyping of 

reinforcement learning algorithms

– Nvidia: vid2vid for video-to-video synthesis
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Platforms
• Google TensorFlow

• Apple CoreML

213
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Platforms
• Nexosis

• Fast.ai’s Pytorch
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Hardware Platforms
2017: DT42's BerryNet released on GitHub: 

multiple deep-learning methods on a $35 

Raspberry Pi
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Aids for Machine Learning
• Open-source platforms for deep learning

– CUDA Convnet

– cuDNN

– Deeplearning4j

– PyBrain

– PyLearn2

– SINGA 

– …

216
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Aids for Machine Learning
• Facebook‟s FBLearner Flow and Asimo, that allow 

to optimize neural networks (i.e. automate the job 

of neural-network engineers).
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Aids for Machine Learning
• MOA http://moa.cs.waikato.ac.nz/

• Neurokernel http://neurokernel.github.io/

• NuPic https://github.com/numenta/nupic

• Orange http://orange.biolab.si/

• RapidMiner http://rapidminer.com

• Scikit-learn http://scikit-learn.org/stable/

• Spark http://spark.apache.org/mllib/

• TunedIT http://tunedit.org/

• Vahara https://github.com/thedatachef/varaha 

• Viv http://viv.ai/ 

• Vowpal Wabbit    https://github.com/JohnLangford/vowpal_wabbit/wiki 

• Weka http://www.cs.waikato.ac.nz/ml/weka/

• Dlib http://dlib.net/ml.html

• MADLib http://madlib.net/

• Mahout http://mahout.apache.org/

• MCMLL http://mcmll.sourceforge.net/

• MLC++ http://www.sgi.com/tech/mlc/

• mloss http://mloss.org/software/

• mlpack http://mlpack.org/

• Shogun http://www.shogun-toolbox.org/

• Stan http://mc-stan.org/

http://www.cs.waikato.ac.nz/ml/weka/
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Aids for Machine Learning
• Not open-source:

– Ayasdi http://www.ayasdi.com/

– BigML https://bigml.com/

– H2O http://h2o.ai

– IBM Watson

– Matlab http://uk.mathworks.com/solutions/machine-

learning/

– Nutonian http://www.nutonian.com/

– Prediction.io http://prediction.io/

– Rocketfuel http://rocketfuel.com/

– Skytree http://www.skytree.net/

– Trifacta http://www.trifacta.com/

– Wolfram Alpha  http://www.wolframalpha.com/ 

– Wise.io http://www.wise.io/

– Yhat https://yhathq.com/
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Info about Machine Learning
• Conferences

– Intl Joint Conference on Artificial Intelligence (IJCAI)

– ICML  icml.cc/

– NIPS

– Machine Learning Conference mlconf.com

– AAAI  aaai.org

– Machine Intelligence Summit  re-work.co

– Artificial Intelligence and Applications (AIAPP)

– AI Summit  theaisummit.com

– The AI Conference  aiconference.ticketleap.com

– The O‟Reilly Artificial Intelligence Conference

– Intl Joint Conference on Computational Intelligence ijcci.org
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Info about Machine Learning
• Journals

– ML Journal     http://www.springer.com/computer/ai/journal/10994

– JMLR http://jmlr.org/papers/

– Pattern Recognition    http://www.jprr.org/index.php/jprr

– arXiv http://arxiv.org/list/stat.ML/recent 

– gitXiv http://gitxiv.com

• Blogs

– FastML http://fastml.com/

– Chris Olah http://colah.github.io/

– Andrej Karparthy http://karpathy.github.io

– DeepLearning.net http://deeplearning.net/

http://gitxiv.com/
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Info about Machine Learning
• Books

– Russell & Norvig: Artificial Intelligence: A Modern Approach 

3rd Edition, (2009)

– Witten, Ian et al: Data Mining, Practical Machine Learning 

Tools and Techniques, 3rd ed (2011)

– Abu-Mostafa, Yaser et al: Learning from Data (2012)

– Murphy, Kevin: Machine Learning: A Probabilistic Perspective 

(2012)

– Rickhert and Coelho: Building Machine Learning Systems 

with Python (2013)

– Buduma, Nikhil – Fundamentals of Deep Learning (2015)

– Gibsonand Patterson: Deep Learning: A Practitioner's 

Approach (2015)

– Maters, Timothy: Deep Belief Nets in C++ and CUDA C 

(2015)

– Bengio, Yoshua et al – Deep Learning (2016)



Automatic Machine Learning

• Kevin Leyton-Brown’s Auto-Weka (2013) 

based on Bayesian optimization 

• Frank Hutter's Auto-Sklearn (2015) based on 

Bayesian optimization 

Frank Hutter



Automatic Machine Learning

• Randy Olson’s TPOT (2015) based on 

genetic programming.

Randall Olson



Automatic Machine Learning

• Quoc Le’s & Barret Zoph’s AutoML (2017) 

based on reinforcement learning



Automatic Machine Learning

Texas A&M University (2018): Auto-Keras 

– automatically search for the best 

architecture and hyperparameters



Automatic Machine Learning

Amazon SageMaker for automatic model tuning (2017)
• BUILD

– Collect & prepare training data

– Data labeling & pre-built notebooks for common problems

– Choose & optimize your ML algorithm

– Model & algorithm marketplace 

– Built-in, high-performance algorithms

• TRAIN

– Setup & manage environments for training

– One-click training on the highest performing infrastructure

– Train & tune model

• DEPLOY

– Deploy model in production

– Scale & manage the production environment

– Fully managed with auto-scaling for 75% less



Automatic Machine Learning

Google MorphNet (2019) takes an existing neural 

network as input and produces a new neural network 

that is smaller and faster
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XAI (Explainable AI)

• The mystery of deep networks

– Nobody quite understands why they work 

so well.

– The workings of a nonlinear algorithm are, 

to a large extent, inscrutable. 



XAI

• Carlos Guestrin

• Wojciech Samek

• DARPA’s  XAI



XAI

Zeiler & Fergus (2013)



XAI

• Naftali Tishby



XAI
• Google Brain (2018)



XAI
• MIT-IBM (2018)



XAI
• Been Kim at Google Brain: Testing with Concept 

Activation Vectors – TCAV (2018)



Software 2.0

Deep Learning represents a fundamental paradigm shift in 

software engineering

"Neural networks are not just another classifier, they 

represent the beginning of a fundamental shift in how 

we write software. They are Software 2.0.” (Andrej 

Karpathy, 2017)

Big Data has changed the way we can solve problems

Software 2.0 can learn from the data

The programmer‟s job: create and maintain the data (NOT 

trivial!)
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Software 2.0
• Google’s Transformer (2017) changes the way neural-

network architectures are designed 

• Models becoming commodities

• Focus on the data-flow, not on the model

• Google Snorkel

• Uber Ludwig 

• Apple Overton (Chris Re)

• Bootleg

• SambaNova
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Deep Learning

Warning: Deep Learning is NOT the only kind of A.I., it 

is NOT always the best, it is NEVER precise, it is NOT 

a brain

For example:
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Danger of A.I.

Stephen Hawking 

Bill  Gates

Elon Musk (OpenAI, 2016)
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Danger of A.I.
Elon Musk vs Rodney Brooks (2017)
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Danger of A.I.

242
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Danger of A.I.

243
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Danger of A.I.

Allen Institute

Asilomar Conference (2017)

AI for Good Global Summit (2017)
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Danger of A.I.

Electronic Frontier Foundation metrics
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The Real Danger

• Software to create alternative realities

• Face morphing

– Project VoCo (Adobe, 2016)

– Face2Face (Stanford, 2017)

• Voice cloning

– CandyVoice

– VivoText

– Festvox (CMU)
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Face Morphing

Steve Seitz & Ira Kemelmacher-Shlizerman: Being 

John Malkovich (2010)
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Face Morphing

Matthias Niessner’s Face2Face (2016): real-time 

face capture and reenactment

248



http://www.digitaltrends.com/cool-tech/make-videos-say-what-you-want-

face2face/

Face Morphing
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Face Morphing

Deepfakes/ Fakeapp (2018)
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Face Morphing

Deep video portraits (Christian Theobalt, 2018)
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Voice Morphing

Adobe Voco (2017)

Lyrebird (2017)
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Voice Morphing



Voice Morphing

• Voice cloning

– CandyVoice

– VivoText

– Festvox (CMU)
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Voice Morphing

Google WaveNet (2016)
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Voice Morphing

Supasorn Suwajanakorn (2017): given the audio, 

create the video of a speech

256
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Voice and Face Morphing

Peter Cushing stars in a “Star Wars” movie… 22 

years after dying

257

Paul Debevec
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Scene Understanding

Jiajun Wu (MIT, 2017): Neural scene de-rendering
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Scene Understanding

Lukasz Romaszko (University of Edinburgh, 2017)
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Scene Understanding

DeepMind’s Generative Query Network – GQN (2018)

Ali Eslami and Danilo Rezende: understand the layout 

of a room
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Scene Understanding

Roei Herzig and Moshiko Raboh (Tel Aviv University, 

2018)
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Variational Inference

David Duvenaud 

(University of 

Toronto): 

Neural Ordinary 

Differential 

Equations (2018)



What is really knew since 1989?

• OpenAI‟s CLIP: contrastive pre-training
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What is really knew since 1989?

• OpenAI‟s DALL-E
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What is really knew since 1989?

• OpenAI‟s GLIDE: diffusion

265

Generative models:



What is really knew since 1989?

• OpenAI‟s DALL-E2

266
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DALL-E (2021)

OpenAI’s DALL-E (2021)
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When to use Deep Learning

• When to use Deep Learning

– Large dataset

– Clean/balanced data

– Modeling time-series data

– Statistical methods don‟t work

• When NOT to use Deep Learning

– Small dataset 

– Data not balanced

– The goal is insight

– Your boss told you to do it because it‟s popular
268
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When to use Deep Learning

• A good example: NASA + Google (2017): discover 

patterns hidden in a large dataset of astronomical 

observations
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Deep Learning

Warning: Deep Learning is NOT the only kind of A.I., it 

is NOT always the best, it is NEVER precise, it is NOT 

a brain



ARTIFICIAL INTELLIGENCE

MACHINE

LEARNING

NEURAL

NETWORKS

DEEP

LEARNING

RNN

CNN

RL

LSTM

GAN
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Business
• Multi-billion dollar investments in artificial intelligence and 

robotics in the 2010s 
– Amazon (Kiva, 2012; Angel.ai, 2016; Harvest.ai, 2017) 

– Google (Neven, 2006; Industrial Robotics, Meka, Holomni, Bot & 

Dolly, DNNresearch, Schaft, Bost, DeepMind, Redwood Robotics, 

2013-14; API.ai, 2016; Moodstocks, 2016; Kaggle, 2017)

– IBM (AlchemyAPI, 2015; Watson project)

– Microsoft (Project Adam, 2014; Switfkey, 2016; Genee and Maluuba, 

2017) 

– Apple (Siri, 2011; Perceptio and VocalIQ, 2015; Emotient, Turi and 

Tuplejump, 2016; RealFace, 2017)

– Facebook (Face.com, 2012; Wit.ai, 2015; Masquerade, 2017; Zurich 

Eye, 2017; Ozlo, 2017)

– Yahoo (LookFlow, 2013; Incredible Labs, 2014)

– Twitter (WhetLab, 2015; Magic Pony, 2016)

– Salesforce (TempoAI, 2015; MetaMind, 2016; PredictionIO, 2016)

– Samsung (Viv Labs, 2016)

– Intel (Nervana and Itseex in 2016)

– General Electric (Wise.io, 2017)
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Business

• investment

273
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Business

• Venture Scanner November 2017 and 2019
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Business

• A.I. startups by country
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Business

• DeepMind (2010, acquired by 

Google in 2014)

• Vicarious 

• Sentient

• …
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Business

• Startups

– AlchemyAPI

– Clarifai

– Ersatz Labs 

– Memkite

– Nervana

– Skymind

– Wise.io

– Saffron

– Narrative Science

– CrowdAI

– …
277

Mostly acquired by 

big corporations
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Business

• Investment in AI startups in 2014: $230 million 

• Investment in AI startups in 2015: $128 million 
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2010s

• Venture scanner

279
What is counted as A.I.?
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Business
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Business

• Between 2010 and 2015 over 45 companies and 

corporate VC arms have invested in AI startups 

(top of the list: Bloomberg, Samsung, Rakuten

• Investment in AI startups in 2014: $230 million 

• Investment in AI startups in 2015: $128 million 
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Business

• Papers on deep learning

282
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Business

• AI startups by country
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Business

• Element

• Gradient

• Andre Ng
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Business

• But most A.I. startups were still losing money in 

2020…

• DeepMind’s losses: $154 million in 2016, $341 

million in 2017, $572 million in 2018, $649 million 

in 2019…
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Centers of A.I. Research
Univ of Toronto: Geoffrey Hinton,  Brendan Frey, Radford Neal

Univ of Montreal: Yoshua Bengio, Pascal Vincent, Aaron Courville, Roland 

Memisevic

New York Univ: Yann Lecun, Rob Fergus

Stanford Univ: Sebastian Thrun, Andrew Ng, Christopher Manning, Fei-fei Li

UC Berkeley: Bruno Olshausen, Trevor Darrell, Pieter Abbeel, Alexei Efros, 

Michael Jordan

University of Washington: Pedro Domingos, Ali Farhadi

Carnegie Mellon: Chris Dyer, Tom Mitchell, James Kuffner 

Northwestern Univ: Ronald Williams

MIT: Tomaso Poggio, Cynthia Breazeal, Joshua Tenenbaum, Daniel Rus, 

Antonio Torralba

CalTech: Pietro Perona 
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Centers of A.I. Research

Oxford Univ: Nando de Freitas, Andrew Zisserman

Cambridge Univ: Carl-Edward Rasmussen

Univ of London: Christopher Watkins

IDSIA (Switzerland): Jurgen Schmidhuber, Dan Ciresan

IDIAP (Switzerland): Ronan Collobert

EPFL (Switzerland): Boi Faltings

Univ of Amsterdam: Max Welling

Tel Aviv Univ: Lior Wolf – Technion: Ran El-Yaniv

National Univ of Singapore: Shuicheng Yan

Australia: Marcus Hutter
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Centers of A.I. Research

New York Univ: Yann Lecun, Rob Fergus

Stanford Univ: Sebastian Thrun, Andrew Ng, Christopher Manning, Fei-fei Li

UC Berkeley: Bruno Olshausen, Trevor Darrell, Pieter Abbeel, Alexei Efros, 

Michael Jordan, Jitendra Malik, Sergey Levine

University of Washington: Pedro Domingos

Carnegie Mellon: Chris Dyer, Tom Mitchell

Northwestern Univ: Ronald Williams

MIT: Antonio Torralba
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Centers of A.I. Research

OpenAI: Ilya Sutskever, Ian Goodfellow, Durk Kingma 

Google: Sebastian Thrun, Geoffrey Hinton, Samy Bengio, Ilya Sutskever, Ian 

Goodfellow, Oriol Vinyals, Quoc Le, Christian Szegedy, 

Ross Girshick, Kaiming He, and Ronan Collobert. OpenAI hired Ilya Sutskever. 

Megvii hired Jian Sun, Tencent hired Dong Yu. 

DeepMind: Alex Graves, Karol Gregor, Koray Kavukcuoglu, Andriy Mnih, Shane 

Legg, Christian Szegedy, Volodymyr Mnih, Daan Wierstra, Matthew Lai 

Facebook: Yann Lecun, Rob Fergus, Jason Weston, Leon Bouttou, Ronan 

Collobert, Tomas Mikolov, Ross Girshick, Kaiming He

Twitter: Hugo Larochelle

Microsoft: Li Deng, Dong Yu, Antonio Criminisi

Tesla: Andrej Karpathy

Salesforce: Richard Socher

Indico: Alec Radford

Nvidia: Ming-yu Liu, Raquel Urtasun
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A.I. in China

• Microsoft chatbot Xiaoce: 100 million users

• News recommendation: Toutiao

• Voice recognition: iFlytek 

• Face recognition: Face++ 

• Several A.I. unicorns

• Cambricon AI chip



A.I. in China

• Cambricon AI chip (2016)



Artificial Intelligence in China

• Tencent Dream Writer (2015)

• Toutiao Xiaomingbot  (2016)



A.I. in China

• The B.A.T.

– Alibaba: ET City Brain (traffic optimization 

based on visual recognition), ET Medical 

Brain (medical image analysis)

– Baidu: open software platform Apollo for 

self-driving cars (the “Android” of self-

driving cars)

– Tencent has data about social media 

(Wechat), payments (Wechat Pay) and 

games



A.I. in China

• A simple definition of A.I.: computational mathematics



A.I. in China

• 2015: China builds the equivalent of nearly one university 

per week

• 2015: China has more STEM graduates than the USA (78 

million vs 67 million)

• 2016:  China STEM graduates 4.7 million; USA 568,000.



A.I. in China

• 2016: China publishes more 

paper than the USA on Deep 

Learning

• 2017: China generates more 

data than the rest of the world 

combined



A.I. in China

• A.I. sponsored by local and 

national governments

• July 2017: National A.I. 

program for China to 

become the leading A.I. 

power by 2030



Artificial Intelligence in China

• 2015: Ministry of Public Security  

launches a project to build the world‟s 

most powerful facial recognition 

system with the power to identify any 

one of China‟s 1.3 billion citizens 

within three seconds

• SeetaTech, a start-up established by 

several researchers from the Institute 

of Computing Technology at the 

Chinese Academy of Sciences in 

Beijing

• 2017: SeetaTech‟s face recognition 

deployed at Public Security 

Departments in at least 15 provinces



Artificial Intelligence in China

• May 2017: Tsinghua Univ wins 

million-dollar Arnold Foundation‟s 

challenge

• Aug 2017: Nanjing Univ wins 

ILSVRC2017 (ImageNet)

• Oct 2017:  Harbin & iFlyted win first 

Stanford reading comprehension test 

(SQuAD)

• Nov 2017: Yitu wins first Face 

Recognition Prize Challenge



Artificial Intelligence in China

• October 2017: The robot Xiaoyi 

(Tsinghua University & iFlyTek) 

passes the medical licensing 

examination

• October 2017: Megvii beats 

Facebook and Google  at Microsoft 

COCO object recognition challenge

• 2018: iFlytech offline speech 

translator



Artificial Intelligence in China

Baidu

• 2017: Xiaoyu Zaijia/ Little Fish voice-

controlled family robot powered by 

Baidu's DuerOS  AI platform

• 2017: Project Apollo for autonomous 

vehicle technology (with Microsoft and 

others)

• 2017: Partnership with Nvidia

• 2017: Acquisition of smart-home startup 

Raven Tech 

• 2017: Acquisition of computer-vision 

startup  xPerception



Artificial Intelligence in China

• Anuhi A.I. hospital (2017)



Artificial Intelligence in China

• Medical robot (2017)



A.I. in China

• A.I. sponsored by local and 

national governments
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The next breakthrough

• National projects that changed the world

– Apollo Program (1963)

– Arpanet (1969)

– Human Genome Project (1990)
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The next breakthrough

• National projects

– USA: BRAIN Initiative (2013) 

– EU: Human Brain Project (2013)

– Switzerland: Blue Brain (2015)
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The next breakthrough

• National projects

– Machine Intelligence from Cortical Networks 

(Microns) to map a cubic millimeter of cortex (about 

10 million synapses for  100,000 neurons)

– Christof Koch (Allen Institute for Brain Science),

– Andreas Tolias (Baylor College of Medicine),

– David Cox (Harvard), 

– etc
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Next…

• See http://www.scaruffi.com/singular for the 

index of this Powerpoint presentation and 

links to the other parts


