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Artificial Intelligence Today

The capabillity of a machine to match or exceed
Intelligent human behavior

by training a machine to learn the desired behavior
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There are two ways to get a computer to do what you want

Traditional Programming
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Artificial intelligence is a transformative technology
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Notes trom the Al frontier:
Modeling the impact of Al on the
world economy

September 2018 | Discussion Paper

Al will create $13 trillion in value by 2030

based on McKinseyd Septealter2818 Al f or ecast




Al has tremendous potential to increase productivity

McKinsey Global Institute, September 2018 S
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Yet Al Is struggling

D | .t l I t
At the Crossroads of g Media, Marketing and Technology...

Most Al Project
How to Make Yours Successful.
July, 2018

IS UEIWIRE

3 Common Reasons Artificial
Intelligence Projects Fall
May, 2018

) MathWorks

Her

DataRobot

Why Most Al Projects Falil

Oct, 2017
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There are many ways Artificial Intelligence can fail

Poor ROI
NG data Too much data

sclentists
Not enough data

Beyond the skill
of the team Incomplete Problem is a

tools poor fit for Al

Canot witht er a c t

Problem is
other systems

unsolvable

13



Al I1s more than just the intelligence of the algorithm

Apply domain
expertise

Operate within
their environment

Intelligence

Explainability

Span the entire
design workflow

Understand the
model behavior

Implementation
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Bring human insights into Al

O Select data
N\

Make tradeoffs

Evaluate results

<) MathWorks
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Bring human insights into Al

| A We are the domain experts

6 i ﬁ A Shortage of data scientists

A We need the right tools
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Improving New Zealand Dairy Processing

University of Auckland

Auckland University of Technology
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Wanted to detect a bad product earlier

Raw Milk

- ) MathWorks’

Powdered Milk

DEVAREIE]
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Wanted to detect a bad product earlier

Data

Raw Milk

Plant Process - [/? Al model J

Powdered Milk

>

BB S

Predict Results

Near real-time
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They had lots of data

Data

Raw Milk
Plant Process

Powdered Milk

A Millions of data points

A 6 years

A 3 plants

) MathWorks

21



DEIF:

Raw Milk

Plant Process

Powdered Milk

<) MathWorks
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They made several key insights

1. Results were wrong

) MathWorks
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They made several key insights

1. Results were wrong

2. Need to build a separate
model for each plant

Plants behaved differently
from each another

PLANT B

) MathWorks
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They made several key insights

1. Results were wrong

2. Need to build a separate
model for each plant
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3. Pl antodos operat.
changes each year

(=]

Each year was like a
completely different plant

Score on X: T‘

) MathWorks
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Bulk density prediction results were inaccurate

A Many false positives

A Unused classes

True Class
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They made several key insights

1. Results were wrong

[ Al Data
[ ]Resampled

2. Need to build a separate
model for each plant

3. Pl antdos operat.
changes each year

4. Training data was biased

217



Resampling data resulted in higher predictive accuracy

A Resampled data

A Reduced the number of bins

True Class

Predlcted Class

) MathWorks
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nNnltos great to sit down with our
when they see how productive we are with MATLAB and how quickly we
can analyze and plot data.

Our results have enabled them to confirm hypotheses for which they
lacked evidence, and have sparked new ideas for process improvement.o™
- David Wilson, Industrial Information and Control Centre
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To be successful wi t h Al , we mt

Combine Al model building
with scientific and engineering insights

Along with tools that span
both the science and engineering and the data science

30
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Implementation is about designing the solution

Research Manufacturing Autonomous System

Testing Developing concept Requirements building
Data analysis Prototyping Modeling and simulation
Reporting Deployment Verification and validation

33






VoyageoO0Os goal

1. Target retirement communities

- ) MathWorks’

g €
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VoyageoO0Os goal

1. Target retirement communities

2. Use off-the-shelf components
wherever possible

wa S

- } MathWorks’

y 0¢
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Voyageos goal

1.

Target retirement communities

Use off-the-shelf components
wherever possible

Bring in the right software tools
across the entire workflow

was t o qul

LUMINAR

) MathWorks

ckly ge

:::ROS

Robot Operating System
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Voyage completed their Al system first

- } MathWorks’
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But they needed to connect the Al to the rest of the system

Al Vehicle
Perception =5 B elels]ife]
System System

Vehicle
Dynamics

Environment
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Started with Simulink example that they could build upon

4\. MathWorkse

MATLAB Examples

Examples ~ Q

Examples Home > MATLAB Family > Control Systems > Model Predictive Control Toolbox » Automated Driving Applications

Adaptive Cruise Control with Sensor Fusion

This example shows how to implement a sensor fusion-based automotive adaptive
cruise controller for a vehicle traveling on a curved road using sensor fusion.

In this example, you will:

1. Review a control system that combines sensor fusion and an adaptive cruise
controller (ACC). Two variants of ACC are provided: a classical controller and an
Adaptive Cruise Control System block from Model Predictive Control Toolbox.

2. Test the control system in a closed-loop Simulink model using synthetic data
generated by the Automated Driving System Toolbox.

3. Configure the code generation settings for software-in-the-loop simulation and
automatically generate code for the control algorithm.

By MathWorks -‘

Explore:

Model Predictive Control
Toolbox

This example also uses:
Embedded Coder

Simulink

Simulink Control Design

Try it in MATLAB
40
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Injected simulated vehicles to interact with while driving
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Deployed controller as ROS node and generated code

- ———— e Robotics System Toolbox eoe
Ce)) ) Embedded Coder cee R O S

Robot Operating System
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Train your Al faster with tight simulation loops

.

Better
Field Data / D Algorithms

Synthetic
Data

Simulated
Usage

Usage

- ) MathWorks’
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One example of leveraging simulation for data synthesis

Traditional deep learning workflow

++.|.

——p | 1) Almodel

Bl ml a0 B0 B Rl el el ud

Record Label

Simulation-based workflow

T
V==

Simulate Auto-label
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AnSIi mulink + ROS al
deploy a Level 3 autonomous
vehicle I n | ess th

- Alan Mond, Voyage -
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To be successful wi t h Al , we mt

Use tool chains that span
the entire design workflow
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Al should be Aexpl ai nabl eo

How did the model come the decision? What do you want
from me?

Why was my loan application denied?
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Why did it fail?




<) MathWorks

The community is realizing the importance of
explainable Al

GOOGLEOGs-Ifwol g . ) IBM Toolkit for Developing Explainable Al () GENESIS T Funded by German Govt. (

Introducing the What-If Tool for Cloud Al

Platform models OPEN PROJECT | ~ Dl
' GENESIS

AI Explainability 360 , e

An open source software toolkit that helps you comprehend how machine learning
models predict labels

50


http://aix360.mybluemix.net/
https://cloud.google.com/blog/products/ai-machine-learning/introducing-the-what-if-tool-for-cloud-ai-platform-models
https://wiki.eclipse.org/OpenGENESIS_WG
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The community is realizing the importance of

NELEYAY Y
explainable DARPA s

* Why did you do that?
Machine Decision or * Why not something else?
Training L z Learned Recommendation * Whendo you succeed?
earnin : . .
Data 9 Function STRNICR JOW e
Process * Whencan | trust you?

* How do | correct an error?

* | understand why

New « | understand why not
Training Machine Explainable | Explanation « | know when you succeed
Data Learning Interface * | know when you fail
Process * | know when to trust you
* | know why you ermred

https://www.darpa.mil/program/explainable-artificial-intelligence
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https://www.darpa.mil/program/explainable-artificial-intelligence
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Al should be Aexpl ai nabl eo

Explainable to everyone

Interpretable




Model explainability can be improved
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Documentation

Occlusion sensitivity

Simulations

<) MathWorks

Rigorous testing
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Use simpler, interpretable models
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Use simpler, interpretable models

NC\Y 4 Shallow
SimnP y | — Neural
‘[I?r%(gglon NEE

‘ Logistic
y | Regression
Napve
. Bayes
Scoring Classifier
Rules

- } MathWorks’

Deep
Neural
Networks

55



1 15151 ] *

i00ag: o

J aEne oao

1
@ §4

Visualize throughout the entire process

4| Figure 7: confusion matrix

™ File

Edit

View

caesar_salad

Predicted

french_fries

hamburger

Insert  Tools Desktop

L EDPE L

Window

=)

Help

0 E

BB S

om

Count of Predicted vs. Actual
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Use visualizations to understand predictions

golden retriever (0.55) Grad-CAM

) MathWorks
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Visualize which parts of the image influence
the classification

miniature poodle (0.23)
toy poodle (0.17)
Tibetan terrier (0.11)

: R N
g~ ek )

) MathWorks
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Visualize which parts of the image influence
the classification

Occlusion Sensitivity Occlusion Sensitivity
toy poodle Tibetan terrier

Occlusion sensitivity
miniature poodle

https://www.mathworks.com/help/deeplearning/ref/occlusionsensitivity.html

< ) MathWorks’
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https://www.mathworks.com/help/deeplearning/ref/occlusionsensitivity.html

Visualize feature importance

unknown

10000 15000

10000

15000

10000

15000

) MathWorks
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Document everything

) MathWorks
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