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ARTIFICIAL INTELLIGENCE, MACHINE LEARNING, AND DEEP LEARNING

Artificial
intelligence

Machine
learning

Deep
learning
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MACHINE LEARNING
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MACHINE LEARNING REQUIREMENTS
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DEEP LEARNING
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Deep learning Example:
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Example: autoencoders
MLPs
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How DEEP LEARNING WORKS
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Near-human-level image classification

Near-human-level speech recognition

Near-human-level handwriting transcription

Improved machine translation

Improved text-to-speech conversion

Digital assistants such as Google Now and Amazon Alexa
Near-human-level autonomous driving

Improved ad targeting, as used by Google, Baidu, and Bing
Improved search results on the web

Ability to answer natural-language questions

Superhuman Go playing



Al o 58l
haish 9ls 1) Baas (5 aSuls 85 90 49 Casesli oS SIS slaleul

DON’T BELIEVE THE SHORT-TERM HYPE
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Big data (notably yours)

o
Compute power
50 60 70 80 90 00 10
| I ] ] | | f
Symbolic reasoning Al Winter Expert Al Winter Intelligent Machine Learning
systems agents (statistical Al)
Turing test Alpha

Go

https://hackernoon.com/history-waves-and-winters-in-ai-dd5feb558e45



Al is enjoying significant hype and investment

A.l. gains scary

Buzz, impact & be:ﬂﬁflnyoirfhis effecti\-:eness and
pervasiveness g pervasiveness
outcome
\ Excitement fades,
certain applications
benefit hugely
A.l. “Winters”
? Bubble bursts,
/ \ next A.l. winter
arrives

1975 1990 2017

https://www.quora.com/What-caused-the-AI-winter...



Al HAS A LONG HISTORY OF BEING “THE NEXT BIG THING"...

Timeline of Al Deve lopment

Popularity = 1950s-1960s: First Al boom - the

age of reasoning, prototy pe Al

developed

Explosive = 1970s: Al winter |

Growth *  1980s-1990s: Second Al boom: the
age of Knowledge representation
(appearance of expert systems
capable of repreducing human
decislon-making)

= 1990s: Al winter ||

= 1997 Deep Blue beats Gary

! Kasparov

! =  2006: University of Toronto

| develops Deep Learning

1

1

i

i

Inflated

Hype
Al winter Il

Birth Al wlinter |

= 2011: |BM's Watson won Jeopardy

= 2016: Go software based on Deep
Learning beats world's champions

1950 1956 1974 1980 1987 1993 Time

https://www.actuaries.digital/2018/09/05/history-of-ai-winters/
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Don’t believe the short-term hype, but do believe in the long-term vision.
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BEFORE DEEP LEARNING: A BRIEF HISTORY OF MACHINE LEARNING
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PROBABILISTIC MODELING
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Decision Trees, Random Forests, and Gradient Boosting Machines
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https://www.kaggle.com/




(o] Competitions

Datasets Kernels Discussion

Competitions

General

All Categories -

Learn ===

Got it

)

Grouped v

Search competitions Q

17 Active Competitions

TWO SIGMA

W)

.

a1 LABTARTILY

Two Sigma: Using News to Predict Stock Movements
Use news analytics to predict stock price performance

Featured - ¥ new

LANL Earthquake Prediction
Can you predict upcoming laboratory earthquakes?

earti

Elo Merchant Category Recommendation
Help understand customer loyalty

Featured oanking,

Google Analytics Customer Revenue Prediction

Pradict how much GStare rustomers will enend

cies, time series, fir

$100,000
2,902 teams

$50,000
549 teams

$50,000
2,862 teams

$45,000
1,104 teams

Learn more

Sign In
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BACK TO NEURAL NETWORKS
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Geoffrey Hinton at the University of Toronto
Yoshua Bengio at the University of Montreal
Yann LeCun at New York University

IDSIA in Switzerland.
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WHAT MAKES DEEP LEARNING DIFFERENT
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THE MODERN MACHINE-LEARNING LANDSCAPE
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HARDWARE
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Tesla K80 Block Diagram

Today, the NVIDIA TITAN X, a gaming
GPU that cost $1,000 at the end of 2015,
can deliver a peak of 6.6 TFLOPS in
single precision: 6.6 trillion float32
operations per second.

That’s about 350 times more than what
you can get out of a modern laptop.

Meanwhile, large companies train deep-learning
models on clusters of hundreds of GPUs of a type
developed specifically for the needs of deep
learning, such as the NVIDIA Tesla K80.

12 GB

Memo

12 GB
Memc

l PCle Connector I



TESLA K80

WORLD’S FASTEST ACCELERATOR
FOR DATA ANALYTICS AND
SCIENTIFIC COMPUTING

Dual-GPU
Accelerator for
Max Throughput

2x Faster Double the Memory Maximum Performance
2.9 TF| 4992 Cores | 480 GB/s Designed for Big Data Apps Dynamically Maximize Perf for
) Every Application
Deep Learning: Caffe 24GB
25x
20x
0D 2
10x
= GPU Boost
0x —_—

CPU Tesla K40 Tesla K80

Caffe Benchmark: AlexNet training throughput based on 20 iterations, CPU: E5-2697v2 @ 2.70GHz. 64GB System Memory, Cent0S 6.2
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TENSOR PROCESSING UNIT (TPU)

In 2016, at its annual I/O convention, Google revealed its tensor processing unit (TPU) project:
a new chip design developed from the ground up to run deep neural networks,
which is reportedly 10 times faster and far more energy efficient than top-of-the-line GPUs.
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General Purpose Highly Specialized

Co-Processors FPGA

(intel) B Microsoft

https://blog.rescale.com/cloud-3-0-the-rise-of-big-compute/



Sequential access

_ Neural Nets
e avayayayayan Gmphical
b.2 2 & 583 8 Models
Random access LDBEP k- earmilia
N Ny Saming Bayesian
/\_‘/54_’ j/\i/ Belief Nets Mothods
1 3 T 2 ) 1] a 5 & SRL Random
z F CRFs HBMs Forests
Sequential access is Statistical A098
good for dense data Mode!s Decision
Sparse data requires SVMs :
random access
Dense
Intel CPU Nvidia GPU Google TPU

Sequential processing
Sequential memory access

Parallel processing
Sequential memory access

T T )
I )

Slow (20GB/s) to memory Faster (288GB/s) to memory @+

Limited scalability (16GB/s) Limited scalability (20GB/s) .

Optimized for Statistics Used for CNNs .
Source: Intel Source: Nvidia

Parallel processing
Sequential memory access
Slow (20GB/s) to memory
Limited scalability (16GB/s)
Optimized for DNNs

Source: Google

| ]
id

Lower level primitives

(5x5 Matrix)
25 Scalar operations
5 Vector operations
1 Matrix operation

HIVE
Parallel processing
Parallel memory access
Fastest (TB/s) to memory
Higher scalability (TB/s)
Optimized for Graphs

Applications (top) and performance (bottom) comparisons between Intel CPUs, Nvidia GPUs, Google TPUs,

and DARPA's proposed HIVE processor. (Source: DARPA)

https://outlettec.com/revolutionary-cpu-is-the-new-darpa-project/
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User-generated image tags on Flickr, for instance,
have been a treasure trove of data for computer vision.
So are You-Tube videos. And Wikipedia is a key dataset for natural-language processing.
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The ImageNet Large Scale Visual Recognition Challenge (ILSVRC),
www.image-net.org/challenges/LSVRC
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residual connections . batch normalization siils
depthwise separable convolutions Gradient Propagation
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2016
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A NEW WAVE OF INVESTMENT
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o 2011: the total venture capital investment in Al was around $19 million, which
went almost entirely to practical applications of shallow machine-learning
approaches.

o 2014: it had risen to a staggering $394 million (after deep-learning hype).

Large tech companies such as Google, Facebook, Baidu, and Microsoft have
invested in internal research departments.
o 2013: Google acquired the deep-learning startup DeepMind for a reported
$500 million—the largest acquisition of an Al company in history.
o 2014: Baidu started a deep-learning research center in Silicon Valley,
investing $300 million in the project.

o 2016: The deep-learning hardware startup Nervana Systems was acquired by Intel
for over $400 million.

Machine learning—in particular, deep learning—has become central to the product
strategy of these tech giants.
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THE DEMOCRATIZATION OF DEEP LEARNING
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. Keras

TersorFlow TensorFlow
theano

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
’”’;ﬁb/



 CUDA/GuDNN | BLAS, Eigen

GPU ] | CPU



Set up Anaconda, Jupyter Notebook
Install TensorFlow and Keras
for studying Deep Learning
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Deep Leaming What is deep learning?

with Python

FRANCOIS CHOLLET

This chapter covers
= High-level definitions of fundamental concepts
= Timeline of the development of machine leaming

= Key factors behind deep leaming’s rising
popularity and future potential

n
MANNING
SHELTER ISLAND
In the past few years, antificial intelligence (Al) has been a subject of intense media
hype. Machine learning, deep learning, and Al come up in countless articles, often
outside of technology-minded publications. We're promised a future of intelligent
chatbots, self-driving cars, and virtual assistanis—a future sometimes painted in a
grim light and other times as utopian, where human jobs will be scarce and most
economic activity will be handled by robots or Al agents. For a future or current
practitioner of machine learning, it’s important to be able to recognize the signal
. in the noise so that you can tell worldchanging developments from overhyped
FranQOIS Chollet, press releases. Our future is at stake, and it's a futre in which you have an active
Deep Leal‘ning With Python, role o play: after reading this book, you'll be one of those who develop the Al

agents. So let's tckle these questions: What has deep learning achieved so far?
Mal’mlng Pubhcatlons, 20 1 8. Hn\'«' significant is .\ here are we headed nexi? Should you Vbcll(‘w the hype? 7

This chapter provides essential context around artificial intelligence, machine
learning, and deep learning.

Chapter 1
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