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Machine Learning (Statistical Learning)
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Francois Chollet, “Deep Learning with Python,” Manning, 2017



Meaningful
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Five Tribes of Machine Learning

s 2 E 1Y AR TR

—{ » Evolutionaries (/& it /=
* Connectionists (g 47 55 3 §2)

' * Symbolists (ﬁ;iﬁ.ﬁﬁ’?p\ %)
» Bayesians (b {8 )

» Analogizers (#g ‘¢ i1 12)

| Pedro Domingos




The Master Algorithm — Pedro Domingos
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3 Basic Operations of Algorithms
LA = RO &

 All Algorithms can be Reduced to 3 Operations
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Frank Rosenblatt’s Perceptron (1957)
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Number ofCon nections in the Brain
STN R e T Sl

Neurons (for adults):
10"t or 100 billion, 100000000000

Synapses (based on 1000 per neuron):
10114 or 100 trillion, 2700000000000000
(B HEE T 2775 10002 )




1969: Perceptrons can’t do XOR!
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Perceptrons




Al Winter
1969 - 1990



Deep Learning

Geofirey Hinton Yann LeCun Yoshua Bengio
(Toronto, Google) (NewYork, Facebook) (Montreal) o






Learning XOR (1986) .
Geoffrey Hinton

XOR Network

Feature Detector: 2 ones.

Feature Detector: any ones.




Backpropagation (7 [a]{&#5)
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Example: Recognizing Handwritten Digits

* MNIST dataset
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Gradient Descent

J(w) Initial

/ __— Gradient

[
!
/
!



Cost function
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Convolutional Neural Network (LeNet-5)

e https://medium.com/@sh.tsang/paper-brief-review-of-lenet-1-lenet-4-lenet-5-
boosted-lenet-4-image-classification-1f5f809dbf17

C3: 1. maps 16@10x10
INPUT C1: leature maps S4: 1. maps 16@5x5
3232 SP28t S2.f. maps :
6@14x1

l
| Full com{ection | Gaussian connections

Convolutions Subsampiing Comvolutions  Subsampiing Full connection

W —

A Full Convolutional Neural Network (LeNet)


https://medium.com/@sh.tsang/paper-brief-review-of-lenet-1-lenet-4-lenet-5-boosted-lenet-4-image-classification-1f5f809dbf17
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ImageNet Large Scale
Visual Object
Recognition Challenge
(ILSVRC)

ImageNet

E‘/{gi +
i

* 1000 categories
* For ILSVRC 2017

— Training images for each category ranges from
732 to 1300

— 50,000 validation images and 100,000 test
images.

e Total number of images in ILSVRC 2017 is
around 1,150,000



Error Rate on ImageNet Challenge

28.2

ILSVRC'11  ILSVRC'10



Convolutional Neural Network (AlexNet)

* Alex Krizhevsky, Geoffery Hinton et al., 2012
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Error Rate on ImageNet Challenge

28.2

! 152 layers ’

ILSVRC'1S  ILSVRC'14  ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet
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https://memoiry.me/2017/04/22/deep-learning-series-2-typical-CNN-net/



https://memoiry.me/2017/04/22/deep-learning-series-2-typical-CNN-net/
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Recurrent Neural Networks (RNN)
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Unroll the RNN
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Long Short-term Memory (LSTM)




Deep Reinforcement Learning

[ 5
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Mnih et al., “Human Level Control through Deep Reinforcement Learning,” Nature, 2015



Learning to Play Atari Games
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he Complexity of Go vs Chess
Game  Boardsize State space

Game tree size

Go 19x 19 1017
Chess 8x 8 10°
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Elo Rating
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Elo Rating
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2000 -

AlphaGo Zero surpasses all other versions of AlphaGo
and, arguably, becomes the best Go player in the world.
It does this entirely from self-play, with no human
intervention and using no historical data.
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w=e AlphaGo Zero 40 blocks  ¢e«« AlphaGo Lee  eees AlphaGo Master
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Virtual-to-real Learning
* Inspired by DeepMind (Mnih et al., Nature, 2015)

— “Human Level Control through Deep Reinforcement Learning”

* Applied to computer vision applications
— Image segmentation: Armeni et al. (2016), Qiu et al., (2017)

— Indoor navigation: Brodeur et al. (2017), Gupta et al. (2017), Savva et al.
(2017), Wu et al. (2018)

— Autonomous vehicles: Marinez et al. (2017), Muller et al. (2018), Pan et al.
(2017), Shah et al. (2018)

UnrealCV CAD?Real




Semantic Segmentation

Depth Prediction

Autonomous Navigation
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Searching for the Shooter

59
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Limits of Deep Learning

A S E T BE?



motor scooter O.ég parachute 1.0 bobsled 1.0 parachute 0.54

'} oy,
i

fire truc;k 0'.99 school bus 0.98 fireboat 0.98 bobsled 0;79

Alcorn et al., “Strike (with) a pose: Neural networks are easily fooled by strange poses of familiar objects,”"CVPR 2019.
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Adversarial Attack
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Generative Adversarial Networks (GAN)
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Painting like Van Gogh




Super Resolution

bicubic SRResNet SRGAN original
~ (21.59dB/0.6423)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4 X upscaling] q:
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https://www.youtube.com/watch?v=gLoI9hAX9dw

Google’s AutoML

* Learning neural network cells automatically

4 » 4 b
avg a';lg sap | | sep
dx3 | | 3x3 B | | 3xd
e
Normal Cell Reduction Cell

https://ai.googleblog.com/2017/11/automl-for-large-scale-image.html
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https://ai.googleblog.com/2017/11/automl-for-large-scale-image.html

AutoML on ImageNet
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EfficientNet (May, 2019)
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Output
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Multi-head attention

Zoom-in!

https://www.youtube.com/watch?v=SZorAJ4l-sA

Scaled dot-product attention

Zoom-In!



https://www.youtube.com/watch?v=SZorAJ4I-sA

N Write With Transformer X +
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10 Jobs of the Future

Fortune India, 2015
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2. The Space Invaders

» Demand for satellite engineers is going
up, but there’s little training available.
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4. The Drone Operators
(Fleet Commanders)

The market is set to open up
to commercial operators, but
a dearth of qualified engineers
could ground it.




5. The New-age Printers

* 3D printing could change
manufacturing forever,
and all it needs are
hardware engineers.




6. The Robotic Engineers

* The robots are coming. Technology research
and advisory firm Gartner predicts that
more than 30% of all jobs will be replaced
by robots and smart machines by 2025, and
Ray Kurzweil, director of engineering at
Google, anticipates that human thinking will
become hybrid (biological and artificial
intelligence) by the 2030s.
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/. The Cyberspace
NMIgER
Cybersecurity

Prevention of data theft is just one of their
jobs.
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8. The Gene
Splicers




9. The Green Warriors

* India’s big push towards clean energy
is changing the job market.




10. The Medical Mechanics

Al CT Scan

https://tectales.com/ai/ai-used-to-identify-different-types-of-brain-injuries.html



https://tectales.com/ai/ai-used-to-identify-different-types-of-brain-injuries.html

w

O 0 N O U bk

References

https://www.buzzfeed.com/kasiagalazka/science-fiction-things-that-actually-exist-now

https://www.geek.com/movies/10-movies-that-helped-create-real-technology-1740036/

https://www.gadgetsnow.com/slideshows/8-sci-fi-movie-technologies-that-are-real-now/Video-

calling/photolist/52869590.cms

What is backpropagation really doing? https://www.youtube.com/watch?v=Ilg3gGewQ5U

http://www.andreykurenkov.com/writing/ai/a-brief-history-of-neural-nets-and-deep-learning/
https://pmirla.github.io/2016/08/16/Al-Winter.html
https://tw.saowen.com/a/6cdc2f1279016e566832bb1234e06d321992dd1fabcdf4a2e0a3el16fc0dc09dc
https://tectales.com/ai/ai-used-to-identify-different-types-of-brain-injuries.html

Transformers, explained: Understand the model behind GPT, BERT, and T5

https://transformer.huggingface.co/
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