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15.514: Global Business of Artificial Intelligence (GBAIR)
Machine Learning: The Promise, Limitations, and Mystery of Thinking Machines
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Special Purpose:

Can it achieve a well-defined
finite set of goals?

Artificial Intelligence Technology:

Limited or Limitless?

They already do, say scientists.
So what (if anything) is special
about the human mind?

General Purpose:

Can it achieve poorly-defined
unconstrained set of goals?

Time =

Today’s Lecture:
1. Overview current approaches
2. Highlight limitations

3. Discuss the potential
(and marvel at the mystery)

[
»

1
Today Future

Best current answer:

We Don’t Know

H B Massachusetts
I I Institute of
Technology

Course 15.514: Guest Lecture: Contact: Feb 22
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Takeaways

* Limits: Machine learning today and tomorrow.
e Currently limited (data, compute, methods)
* Potentially limitless (end-to-end general intelligence)

* Data:

¢ Representation matters
(deep learning > representation-agnostic learning)

 Human annotation is needed
(annotated data > big data)

* Impact:

Rule of thumb for real-world machine learning:
“If it takes one grad student one month to build a good software prototype,
you can make a product out of it. Otherwise, it’s still research.”

I II N B Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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Machine Learning from Human and Machine

“Teachers” “Students”

Supervised

Human — .
Learning

Augmented
Supervised
Learning

Human

|

Machine

Semi-
Supervised
Learning

Human

|

Machine

Human

Reinforcement
Learning

|

Machine

Unsupervised
Learning

Machine —

I u - m:ﬁ"’;‘::?ens Course 15.514: Guest Lecture: Contact: Feb 22
II Tecr:nl:)logy Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



Machine Learning from Human and Machine

“Teachers” “Students”
~
| h | Supervised
uman - Learning
r Current successes
| Human | —_— Augmented
Supervised
| Machine | —_— Learning J
\
Human | — Semi-
Supervised
| Machine | —_— Learning
*  Near-term future successes
Human | — Reinforcement
| Machine | —_— Learning J
| Machine | —_— Unsupervised

mns | —— Long-term future successes
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Better Question:
Machine Learning: Limited or Limitless?

(PS: for now Machine Learning = Supervised Learning)

Training Stage:
Input Learning Correct
Data System Output
(aka “Ground Truth”)
Training Stage:
New Input Learnin : i
P > & )  Best Guess !
Data System : !

Open Question: What can’t be learned in this way?

I Mmm  Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
I I Institute of

Technology Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



What can we do with Machine Learning?

Input Learning Correct
Data System Output
* Number * Number

Vector of numbers
Sequence of numbers
Sequence of vectors of numbers

Vector of numbers
Sequence of numbers
Sequence of vectors of numbers

one to one one to many many to one many to many many to many

I II N B Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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What can we do with Machine Learning?

Input Learning e Correct
Data System Output
* Images * Nearest Neighbor Classification
* Face * Naive Bayes Regression
* Medical * Support Vector Machines Sequences
* Text .  Hidden Markov Models Text
* Conversations * Ensemble of Methods Images
. Articlgs  Neural Networks Audio
* Questions (aka Deep Learning) Actions
* Sounds
* Voice
* Time series
* Financial
* Physiological
* Physical world
* Location of self
* Actions of others
Wi ™ Globel Busiess of Al Inteligence (GBAIR)  Lox riman. framan@mitedy 2017
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Neuron: Biological Inspiration for Computation

Z0 Wo
impulses carried —’Qf synapse
toward cell body axon from a neuron

wox
branches 0D

of axon

cell body f (Z w;z; + b)
nucleus ?n):icl)‘]r:’:lls szmz +h loutput axon
activation
\ impulses carried function
away from cell body
cell body
* Neuron: computational building * (Artificial) Neuron: computational
block for the brain building block for the “neural network”
 Human brain: * (Artificial) neural network:
* ~100-1,000 trillion synapses * ~1-10 billion synapses

Human brains have ~10,000 computational power than computer brains.

I u == m:ﬁ";‘::?ens Ref . 118 Course 15.514: Guest Lecture: Contact: Feb 22
II Tecr:nl:)logy ererences: [ ] Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



Neuron: Forward Pass

1. weigh 2.sumup 3. activate
I I I u - :‘"aﬁ“’:‘"“feﬂs R f . 78 Course 15.514: Guest Lecture: Contact: Feb 22
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Feed Forward Neural Network

Combining Neurons into Layers

Recurrent Neural Network

- Have state memory
- Are hard to train

g2

$23
=S =
cSw
5 ® 3

£23
@
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Neural Networks are Amazing

T
X1 - 7 ¥ 1
i iz, 9, x4)
Lo X ;
T ountput )
- : X
{ (1, 23, x3)
€T3 Lq

Universality: For any arbitrary function f(x), there exists a neural
network that closely approximate it for any input x

Universality is an incredible property!* And it holds for just 1 hidden layer.
* Given that we have good algorithms for training these networks.
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How Neural Networks Learn: Backpropagation

Forward Pass:

Input
Data

Neural
Network

Prediction

Backward Pass (aka Backpropagation):

Neural
Network

_

Measure
of Error

Adjust to Reduce Error

I H B Massachusetts
I I Institute of
Technology
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Global Business of Artificial Intelligence (GBAIR)
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How Neural Networks Learn: Backpropagation

Forward Pass:

Neural

—
Network Cat

Backward Pass (aka Backpropagation):

Neural

PRE— !
Network Yes
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How Neural Networks Learn: Backpropagation

Forward Pass:

Neural

—
Network Cat

Backward Pass (aka Backpropagation):

Neural
Network
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Representation Matters!

(Representation aka Features)

Input Feature Learning Correct
Data Extraction System Output
Cartesian coordinates Polar coordinates

vY V‘
‘.'ﬁrv'f}'.

VoV
v oY ,I';
v e v
v
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Deep Learning is Representation Learning

Deep learning Example:
Shallow
Example: autoencoders
MLPs

Example: Example:
Logistic Knowledge

regression bases

Representation learning

Machine learning

I u == m:ﬁ";‘::?ens Ref 120 Course 15.514: Guest Lecture: Contact: Feb 22
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Deep Learning: Scalable Machine Learning

Output
A Deep T
Learning
Mapping f
Output Output apping from
features
(D)
(&)
-
©
E Additional
i Mapping f Mapping fi layers of
5 MostLoaming | o, | (Mapigion | | Neein | oot
= Algorithms S S S
— features
[
Hand- Hand- Simpl
imple
designed designed Features .
features
program features
Input Input Input Input
- Deep
Rule-based ¢ IHH%“. learning
o ) machine
systems learning Representation
learning
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Neural Networks are Amazing:

General Purpose Intelligence

Policy Network:

raw pixels hidden layer

i\\ 7 . probability of
XS 7 . moving UP
.“i“.&?

F’a‘qﬂ#‘"’

* 80x80 image (difference image)
e 2 actions: up or down
* 200,000 Pong games

This is a step towards general purpose
artificial intelligence!

Andrej Karpathy. “Deep Reinforcement
Learning: Pong from Pixels.” 2016.

I I I mmm  Massachusetts Course 15.514: Guest Lecture: Contact:
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Neural Networks are Amazing:

General Purpose Intelligence

upP DOWN up uP DOWN DOWN DOWN uP

DOWN uP DOWN uP uP
@ 0 -9 -® ~® -® -®

uP uP DOWN o DOWN_ o DOWN
® ~® ~® - -

DOWN uP uP DOWN UP UP

f f

* Every (state, action) pair is rewarded
when the final result is a win.

* Every (state, action) pair is punished
when the final result is a loss.

DOWN_go UP
- @ @

The fact that this works at all is amazing!

It could be called “general intelligence” but not yet “human-level” intelligence...

WIN
LOSE
LOSE

WIN

I '- :“' ﬁ . 7 R f . 63 Course 15.514: Guest Lecture: Contact:
o ererences. [ ] Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu
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Takeaways

* Limits: Machine learning today and tomorrow.
e Currently limited (data, compute, methods)
* Potentially limitless (end-to-end general intelligence)

* Data:

¢ Representation matters
(deep learning > representation-agnostic learning)

 Human annotation is needed
(annotated data > big data)

* Impact:

Rule of thumb for real-world machine learning:
“If it takes one grad student one month to build a good software prototype,
you can make a product out of it. Otherwise, it’s still research.”

I II N B Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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What can we do with Machine Learning?
Object Recognition / Image Classification

Input
Data

Learning
System

Correct
Output

mite container ship motor scooter Ieopard
mite container ship motor scooter ledpard
i black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
i tick fireboat bumper car snow leopard
i starfish drilling platform golfcart

Egyptian cat

l- Massacl

used
Institu te oi

Technology

References: [4]

Course 15.514:
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Guest Lecture:
Lex Fridman
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What can we do with Machine Learning?
Image Segmentation

Input Learning Correct
Data System Output

Original Ground Truth FCN-8
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What can we do with Machine Learning?
Video Segmentation

Learning
System

; ;i;'g
i -F’:JIC

Correct
Output

Cloyy
=) |L ‘:/

Building

Road Marking
Road
Pavemen

Tree

|Sign Symbol

FETICE

\/ahirl -
\/ £ )
| HC |'._

References: [127]
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What can we do with Machine Learning?

Object Detection / Object Localization

Input Learning Correct
Data System Output

Course 15.514: Guest Lecture: Contact: Feb 22

I | Mas_sachusetts f
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What can we do with Machine Learning?
Colorization of Images

Learning Correct
Data System Output
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What can we do with Machine Learning?
Automatic Translation of Text in Images

Input Learning Correct
Data System Output

MOT IS T CHOCOLATE o+
Mork — Dark XLcoomEs( |

22222
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What can we do with Machine Learning?
Handwriting Generation from Text

Input Learning Correct
Data System Output

Text - up to 100 characters. lower case letters work best
Global Business of Artificial Intelligence|

C[@bm( Rusness ofF ArliRaual (mle,l'.fjwce
Global Business of Artificial Inteligencs

Qoo unwnes of Setifccalmktlipne
Global Busmess of Nehifidal /\Mauijence

stplonl, Buainess of Artfioel el
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What can we do with Machine Learning?
Character-Level Text Generation

Input Learning Correct
Data System Output

Life Is About The Weather!

Life Is About The (Wild) Truth About Human-Rights

Life Is About The True Love Of Mr. Mom

Life Is About Where He Were Now

Life Is About Kids

Life Is About What It Takes If Being On The Spot Is Tough
Life Is About... An Eating Story

Life Is About The Truth Now

The meaning of life is literary recognition.
The meaning of life is the tradition of the ancient human reproduction

R f - [35 39 Course 15.514: Guest Lecture: Contact: Feb 22
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What can we do with Machine Learning?
Image Caption Generation

Learning Correct
Data System Output

e d&ect RN woman, crowd, cat,
words camera, holding, purple )

. ‘ A purple camera with a woman. 5
2. generate A woman holding a camera in a crowd.
sentences

X 2 » A woman h.;lding a cat. 2
o ml * -4 [ i. U » B s 2
a man sitting on a couch with a dog R I @1 aweinanbcldinea
a man sitting on a chair with a dog in his lap i CIEHEES
oo Massachusetts B Course 15.514: Guest Lecture: Contact: Feb 22
IIIII -:-22::::32:; References' [43] Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



What can we do with Machine Learning?

End-to-End Learning of the Driving Task

Input Learning Correct
Data System Output

A
=)
c
<
=
c
=
)
9]
=
0
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http://cars.mit.edu/

__________________

Representation

_________ T

Machine Learning

_______ v

. Knowledge ——

_______ T

Reasoning

v

Planning

Open Question:
What can we not do with
Machine Learning?

sensors

percepts

actions

effectors

Course 15.514: Guest Lecture: Contact: Feb 22
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__________________

Formal tasks: Playing board games,
card games. Solving puzzles,
mathematical and logic problems.

Expert tasks: Medical diagnosis,
engineering, scheduling, computer
hardware design.

Representation

_________ T

Machine Learning

Yo

. Knowledge &——

_______ e

Mundane tasks: Everyday speech,
written language, perception,

Reasoning walking, object manipulation.
Planning
+ Human tasks: Awareness of self,
rActnon emgtiqn, imagingtion, mprality,
"""" l subjective experience, high-level-
reasoning, consciousness.
Effector

I II Hmm  Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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__________________

Feature Extraction

R 2

Representation <
_________ o

Machine Learning

v

frmmm = e e - -
1

. Knowledge -4—

_______ T

Reasoning Camera Radar
¢ (Visible, Infrared)
Planning
B
. Action !
¢ _ Networking
Effector Stereo Camera Microphone (Wired, Wireless) IMU
H B Massachusetts ourse . o uest Lecture: ontact: eb
III II {Eif,i},‘g.i;’,', References: [132] global Bljs?nljss of Artificial Intelligence (GBAIR) fex F:i:m;n E’idr:]ar:@mit.edu 201722



__________________

Output
(object identity)

3rd hidden layer

(object parts)

Representation

v
Machine Learning

Yo

. Knowledge &——

2nd hidden layer

(corners and

contours)

1st hidden layer

------- I------- (edges)
Reasoning
¢ - Visible layer
P I anning (input pixels)
T
. Action

_______ .

Effector

I u - m:ﬁat"::fe“s Course 15.514: Guest Lecture: Contact: Feb 22
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__________________

. Knowledge <« t il

_______ o I |

Reasoning

v

Planning

i Representation E‘ one to one one to many many to one many to many many to many
_________ T © o - = S
Machine Learning T T D D T t D g t o4t
v Ul [Hi D

i

L]
[ —
[ |-
I

]
]
]
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__________________

-------- ¢ Image Recognition: Audio Recognition:
If it looks like a duck Quacks like a duck

Representation o -
mommeeees v Activity Recognition:

Swims like a duck

Machine Learning

] \ 20

. Knowledge -4

_______ e

Reasoning

v

Planning

Effector
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__________________

Representation

_________ T

Machine Learning

R

. Knowledge -4—

_______ e

Reasoning

v

Planning

Boston Dynamics

Effector
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_________________

—> Environment

e

Sensors

* """"" .

Sensor Data

oo $________j

-

Feature Extraction

RN, AU
. Representation <

 Repres SR

Machine Learning

v

R

. Knowledge <«

_______ e

Reasoning

v

Planning

Open Question:
How much of this Al stack
can be learned?
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—> Environment
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Sensor Data
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Feature Extraction
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. Representation <
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Machine Learning

v

R

. Knowledge <«

_______ e

Reasoning

v
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Open Question:
How much of this Al stack
can be learned?
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_________________

—> Environment

e

Sensors

Sensor Data

-

___________________

oo $________j

Feature Extraction

S T

. Representation <

 Repres SR

Machine Learning

v

R

. Knowledge <«

_______ T

Reasoning

v

Planning

Open Question:
How much of this Al stack
can be learned?
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Open Question:
How much of this Al stack
can be learned?

Representation <

_________ T

Machine Learning

v

l il
1

. Knowledge <«

_______ T

Reasoning

v

Planning

il

. Action
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_________________

—> Environment

-

\ 4
Sensors

Sensor Data

——

oo $________j

Feature Extraction

S T

. Representation <

 Repres SR

Machine Learning

v

R

. Knowledge <«

_______ T

Reasoning

v

Planning

Open Question:
How much of this Al stack
can be learned?
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Takeaways

* Limits: Machine learning today and tomorrow.
e Currently limited (data, compute, methods)
* Potentially limitless (end-to-end general intelligence)

* Data:

¢ Representation matters
(deep learning > representation-agnostic learning)

 Human annotation is needed
(annotated data > big data)

* Impact:

Rule of thumb for real-world machine learning:
“If it takes one grad student one month to build a good software prototype,
you can make a product out of it. Otherwise, it’s still research.”

I II N B Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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Question: Why? Answer: Data

Visual perception: 540 millions years of data

Bipedal movement: 230+ million years of data
Abstract thought: 100 thousand years of data

“Encoded in the large, highly evolved sensory and motor portions of the human brainis a
billion years of experience about the nature of the world and how to survive in it....
Abstract thought, though, is a new trick, perhaps less than 100 thousand years old. We have
not yet mastered it. It is not all that intrinsically difficult; it just seems so when we do it.”

- Hans Moravec, Mind Children (1988)

o

Hans Moravec (CMU) Rodney Brooks (MIT) Marvin Minsky (MIT)
I I I u == :“'aﬁ"’t""ufeﬁs Ref 16 7. 11 Course 15.514: Guest Lecture: Contact: Feb 22
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Moravec’s Paradox: The

“Easy

” Problems are Hard

Course 15.514:

Guest Lecture: Contact:

Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu
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15.514: Global Business of Artificial Intelligence (GBAIR)

Machine Learning: The Promise, Limitations, and Mystery of Thinking Machines
(Part 2)
Guest Lecture: Lex Fridman
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Special Purpose:

Can it achieve a well-defined
finite set of goals?

Artificial Intelligence Technology:

Limited or Limitless?

They already do, say scientists.
So what (if anything) is special
about the human mind?

General Purpose:

Can it achieve poorly-defined
unconstrained set of goals?

Time =

Today’s Lecture:
1. Overview current approaches
2. Highlight limitations

3. Discuss the potential
(and marvel at the mystery)

[
»

1
Today Future

Best current answer:

We Don’t Know

H B Massachusetts
I I Institute of
Technology
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How Neural Networks Learn: Backpropagation

Forward Pass:

Neural

—
Network Cat

Backward Pass (aka Backpropagation):

Neural

PRE— !
Network Yes

I u - :“'aﬁ"’t""ufeﬁs Course 15.514: Guest Lecture: Contact: Feb 22
II Tgc;nl:;ﬁ:y Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



How Neural Networks Learn: Backpropagation

Forward Pass:

Neural

—
Network Cat

Backward Pass (aka Backpropagation):

Neural
Network

I u - maﬁ"’t"::fe“s Course 15.514: Guest Lecture: Contact: Feb 22
II 'recr:nl:;mgy Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



Representation Matters!

(Representation aka Features)

Input Feature Learning Correct
Data Extraction System Output
Cartesian coordinates Polar coordinates

vY V‘
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Deep Learning: Scalable Machine Learning

Output
A Deep T
Learning
Mapping f
Output Output apping from
features
(D)
(&)
-
©
E Additional
i Mapping f Mapping fi layers of
5 MostLoaming | o, | (Mapigion | | Neein | oot
= Algorithms S S S
— features
[
Hand- Hand- Simpl
imple
designed designed Features .
features
program features
Input Input Input Input
- Deep
Rule-based ¢ IHH%“. learning
o ) machine
systems learning Representation
learning
Course 15.514: Guest Lecture: Contact: Feb 22
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_________________

—> Environment

-

\ 4
Sensors

Sensor Data

——

oo $________j

Feature Extraction

S T

. Representation <

 Repres SR

Machine Learning

v

R

. Knowledge <«

_______ T

Reasoning

v

Planning

Open Question:
How much of this Al stack
can be learned?
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Question: Why? Answer: Data

Visual perception: 540 millions years of data

Bipedal movement: 230+ million years of data
Abstract thought: 100 thousand years of data

“Encoded in the large, highly evolved sensory and motor portions of the human brainis a
billion years of experience about the nature of the world and how to survive in it....
Abstract thought, though, is a new trick, perhaps less than 100 thousand years old. We have
not yet mastered it. It is not all that intrinsically difficult; it just seems so when we do it.”

- Hans Moravec, Mind Children (1988)

o

Hans Moravec (CMU) Rodney Brooks (MIT) Marvin Minsky (MIT)
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Moravec’s Paradox: The “Easy” Problems are Hard

EIE!FA.R {5 FAIRPLER
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Challenge and Opportunity:

Real World Application

(Robustness)
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Computer Vision for Intelligent Systems

3D Scene
Feature oot
ptical Stereo
Extraction { Texture J [Colorj [ Flow ] [Disparity]
: Bits of Sense of ! Motion )
Grouplng [Surfaces] [ objects J [ depth J kpatternsJ

and goals properties ) paths

Y '8
Interpretation [ Objects ][ Agents ][S"apesa“d [OP‘*“J Wm—dsJ

Action [ Walk, touch, contemplate, smile, evade, read on, pick up, ... J
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Images are Numbers
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- What the computer sees

82% cat
15% dog
2% hat

1% mug

image classification
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Computer Vision is Hard

Scale variation

Viewpoint variation Occlusion

Deformation

-

Intra-class variation

T2

BiSee Eng. Setter

Keeshond

mmm  Massachusetis Course 15.514: Guest Lecture: Contact: Feb 22
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Object Classification Challenge: Occlusion
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Object Classification Challenge: Occlusion
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Object Classification Challenge: Occlusion
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Object Classification Challenge: Occlusion
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Object Classification Challenge: Occlusion
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Robustness:

>99.6% Confidence in the Wrong Answer

robin cheetah armadillo lesser panda

i

king penguin starfish baseball electric guitar
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NN N AR
i o 0t
e

Nguyen et al. "Deep neural networks are easily fooled: High confidence predictions for unrecognizable images." 2015.
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Robustness:

Fooled by a Little Distortion

correct +distort ostrich crrect +distort ostrich

Szegedy et al. "Intriguing properties of neural networks." 2013.

I - - :“ ﬁat" 7 Ref . 168 Course 15.514: Guest Lecture: Contact: Feb 22
Tgidn'f,ﬁ,:,, ererences: [ ] Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



Sensor Spoofing

Camera Spoofing LIDAR Spoofing

correct +distort ostrich

I I I H B Massachusetts
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Challenge and Opportunity:

Sparsely-Labeled Data
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Current Challenges

* Lacks Reasoning:
Unable to build unconstrained knowledge graphs
from small human-defined seed graphs

* Inefficient Learners:
Every “concept” needs a lot of examples

* Label Cost:
Supervised data is costly
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Supervised Data Example: Computer Vision Datasets
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THE SCENE RECOGNITION DATABASE :

Places: natural scenes
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Machine Learning from Human and Machine

“Teachers” “Students”

Supervised

Human — .
Learning

Augmented
Supervised
Learning

Human

|

Machine

Semi-
Supervised
Learning

Human

|

Machine

Human

Reinforcement
Learning

|

Machine

Unsupervised
Learning

Machine —
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Machine Learning from Human and Machine

|
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__________________

-------- ¢ Image Recognition: Audio Recognition:
If it looks like a duck Quacks like a duck

Representation o -
mommeeees v Activity Recognition:

Swims like a duck

Machine Learning

] \ 20

. Knowledge -4

_______ e

Reasoning

v

Planning

Effector
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Challenge and Opportunity:

Compute
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Microprocessor Transistor Counts 1971-2011 & Moore's Law
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National Academy of Sciences:

Clock Speed (MHz) Scaling Hits a Wall
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Intel: Innovation Continues

(Aggressively Solving Technical Challenges)

Innovation Enabled Technology Pipeline
Our Visibility Continues to Go Out ~10 Years

32nm 22nm 14nm 10nm 7nm S5nm
2009 2011 2013 2015+
Manufacturing Development Research
Future Options

6 e

i"

'
\\\,: ',u

Materials Photonics
-~

' %\a%%ﬁ -
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Beyond Moore’s Law: Machine Learning

Massive Parallelism & Distributed Compute

¥
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Beyond Moore’s Law: Machine Learning

Graphics Processing Unit (GPU) Parallelism

_l_

CPU GPU
MULTIPLE CORES THOUSANDS OF CORES
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Beyond Moore’s Law: Machine Learning

Custom Deep Neural Network Chips

>
>

\J
Google Tensor IBM True North Intel Deep Learning Chip
Processing Unit (Brain-Inspired Chip) (Nervana Acquisition)
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Challenge and Opportunity:

Community
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GitHub Growth

2012

2011

Users: 1,196,238

Repositories: 599,490
Users: 498,458

2010

Repositories: 214,893
2009
Users: 162,934

Repositories: 38,423
Users: 41,157

2008

Repositories: 1,697,457

Users: 2,763,437

1 | | | | | | |

0 500k ™M 1.5M 2M 2.5M 3M 3.5M 4M 4 5M
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" g Deeplraffic

Americans spend 8 billion hours stuck in traffic every year.
Deep neural networks can help!

nm

2 //<![CDATAI

3 // a few things don't have var in front of them - they update already
existing variables the game needs

lanesSide = 1; //1;

patchesAhead = 10; //13;

patchesBehind = @; //7;

trainlterations = 100000;

- // begin from convnetjs example
ﬁ 10 var num_inputs = (lanesSide * 2 + 1) * (patchesAhead + patchesBehind);
= 11 var num_actiens = 5;

-

— o 12 var temporal_window = 3; //1 // amount of temporal memory. = agent lives
. N in-the-moment :)
80 mph g‘ 13 var network_size = num_inputs * temporal_window + num_actions *
Cars Passed: =
290 Apply Code/Reset Net Save Code/Net to File Load Code/Net from File Submit Model to Competition
.18
79
o
.'2
"ok
o
0.
ok  oak o2k ogk o4k osk o6k ork o8k ogk 1k
| Start Evaluation Run

Value Function Approximating Neural Network:

fe(10) relu(10)fc(5) regression(5)
L] ]

D = d ] u
=" B ]
= - E E =E =
P80 d
Road Overlay: H i
| | ]
None 4 u u
| | |
Simulation Speed: u u
Normal %

http://cars.mit.edu
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The Road, The Car, The Speed

- State Representation:
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Speed: ﬂ [
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™ 11 = 1T
- [ N gy N e
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I | |
— 1 =4 1 1
H ' 1 1 I I [ [ |
=
™
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“Safety System”
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Learning Input
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lanesSide = 1;
patchesAhead = 10;
patchesBehind = 0;
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Road Overlay:

Learning Input %
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Learning Input

1

i i
o BRENEENA

a [} o fif

lanesSide = 2;
patchesAhead = 10;
patchesBehind = 0;

s
[
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Learning Input

lanesSide = 1,;
patchesAhead = 10;
patchesBehind = 10,

I H B Massachusetts
I I Institute of
Technology

Course 15.514: Guest Lecture: Contact: Feb 22
Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



Deep RL: Q-Function Learning Parameters

Value Function Approximating Neural Network:

input(135) fc(10) relu(10)fc(5) regression(5)
EEEEEEEEEEER o n 0 a
AEEEEEEEEEER [ = O O
AEEEEEEEEEEEN O O O O
AEEEEEEEEEN m n O O
AEEEEEEEEEEN = n O O
AEEEEEEEEEEN [ n
EEEEEEEEEER A n
EEEEEEEEEER [ =
EEEEEEEEEER [ l
EEEEEEEEEER = |
EEEEEEEEEEN

EEEEEEEEEEE

var num_inputs = (lanesSide x 2 + 1) *x (patchesAhead + patchesBehind);
var num_actions = 5;

var temporal_window = 3;

var network_size = num_inputs *x temporal_window + num_actions *
temporal_window + num_inputs;

I II N B Massachusetts Course 15.514: Guest Lecture: Contact: Feb 22
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Speed:

80 mph

Cars Passed:

290

958

Road Overlay:

None

Simulation Speed:

Normal %

DeepTraffic

http://cars.mit.edu

We ran a competition, and in one month:

e 250 submission from MIT

10,000+ submissions from outside MIT

Guest Lecture: Contact: Feb 22
Lex Fridman fridman@mit.edu 2017
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DeepTraffic

http://cars.mit.edu

In MIT

Outside MIT

Purnawirman (74.48 mph) User MPH
Winnings: Deep Learning book (Goodfel
Comment: "l used a single hidden layer. Hoan Nguyen 76.29
window as 0). Spent some time on hyper
times, because the test scores have a big lorcus96 76.16
Michael Gump (74.04 mph) leiwing yu 7597
Winnings: Udacity Self-Driving Car Engin
Comment: "l mainly played around with lordan ot 7280
would get stuck in suboptimal strategies
Nandor Kedves 75.83
3upperm2n 75.80
Jeffrey Hu (73.59 mph)
Winnings: Udacity Self-Driving Car Engin Mark s. 75.73
Comment: "l preprocessed to reduce th -
layer fully connected network. Then | trie Diego Rojo U-tad 75.69
get the network to converge."
katypiano 75.62
IIIiI- m:;:f"c:':eﬁs Course 15..514: N ‘ Guest.Lecture: antact: . Feb 22
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DeepTraffic

deep learning http'//CarS.mlt.edU

for self-driving cars

Challenge to GBAIR Students:
Make a neural network
that travels 70+ mph.
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Challenge and Opportunity:

Reward Function

(aka Ethics)

g7z
g2
cgw
PR,
£a5

@
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Defining a Good Reward Function is Difficult

This example is popular but is not an engineering challenge
as it’s faced by both humans and machines alike.

Instead, we want to answer the engineering question...

Course 15.514: Guest Lecture: Contact:
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Defining a Good Reward Function is Difficult

T?BC
| Tt > T @ T

Coast Runners: Discovers local pockets of high reward ignoring
the “implied” bigger picture goal of finishing the race.

I '- :“' ﬁ . 7"“5 Ref . 163, 64 Course 15.514: Guest Lecture: Contact: Feb 22
Tgi,,,,o.?,;’v ererences: [ ’ ] Global Business of Artificial Intelligence (GBAIR) Lex Fridman fridman@mit.edu 2017



All references cited in this presentation are listed in the
following Google Sheets file: https://goo.gl/wDHwnU
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