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Legal Notices and Disclaimers

This presentation is for informational purposes only. INTEL MAKES NO WARRANTIES, EXPRESS
OR IMPLIED, IN THIS SUMMARY.

Intel technologies’ features and benefits depend on system configuration and may require
enabled hardware, software or service activation. Performance varies depending on system
configuration. Check with your system manufacturer or retailer or learn more at intel.com.

This sample source code is released under the Intel Sample Source Code License Agreement.

Intel, the Intel logo, neon, and Xeon are trademarks of Intel Corporation in the U.S. and/or other
countries.

*Other names and brands may be claimed as the property of others.
Copyright © 2018, Intel Corporation. All rights reserved.
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http://www.intel.com/
http://software.intel.com/en-us/articles/intel-sample-source-code-license-agreement/

Outline: What students are expected to Learn

1. What is Al

2. Background of Al on PC
3. Machine Learning

4. Deep Learning

5. Summary
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THE PATH TO DEEPER INSIGHT

Cognitive

.. Analytics
Prescriptive

Analytics

“‘\05 Predictive Self-Learning
fa\‘\ Analytics How Do | Proceed?
?3\ Forecast
o,‘)\,. How Should | Proceed?
Diagnostic
+«O 4

Analvti Foresight
nalytics What Will Happen, When, and Why

Descriptive Insight
Analytics What Happened and Why?

Hindsight
What Happened?



AIADOPTION IS NASCENT

According to a recent Gartner survey...

46%

of Chief Information Officers (ClOs) have
developed plans to implement Al, but only

0 have implemented
0 Al so far.
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THE AI LIFECYCLE

1. Define the Challenge

7. Organization 2. Approach _ _
Organization embraces data insights a Team breaks down the defined business
sponsors properly resourced teams, and P ~ prob.lem into workak_ﬂe steps to translate
prioritizes analytic development work the right data to achieve results
[} \

3. Expertise
A team of management sponsors,
data scientists, data engineers,
solution architects, and domain
experts identifies the right data and
works to translate the data to

/ achieve results

6. Infrastructure

Organization secures hardware and
software infrastructure that supports
data processing in a timely manner

5. Source Data
Team understands and obtains the Team embraces fail-fast continuous

_ right data that gxplains the improvement practices to evaluate their
business problem to achieve results success in translating data to achieve results

4. Philosophy
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WHICH APPROACH IS RIGHT?

A large manufacturer uses data to improve their operations,
with each challenge using a different approach to deliver
maximum business value at the lowest possible cost

| CHALENGE | BESTAPPROACH [ APPROACH |  ANSWER |

. ) ) Analytics/

How many widgets should Analyze historical .

we manufacture? supply/demand In?glsl;ggrisc e 10,000 lEARN
Algorithm that Statistical/ " - -

What will our yield be? correlates many Machine ';‘,: ggg/rex’;&oraﬂ&ucsg; g;(elcécv;/élé be THE NEXT
variables to yield Learning 0 0 P SLIDES

. . . Algorithm that learns
Which widgets h L : . . D . :
def:-:i:tsv':?" getshavevisuatl 4, identify defects in Lea?ﬁipng Widget 1003, Widget 1094 . ..

images




ARTIFICIAL ARTIFICIAL INTELLIGENCE
INTELLIGENCE

is the ability of machines

MACHINE LEARNING

Algorithms whose performance

to learn from expe rience, improve as they are exposed to
more data over time

without explicit
programming, in order to
perform cognitive

functions associated with DEEP lEARN|N_G
the human mind g

multi-layered neural
networks learn from
vast amounts of data
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Artificial Intelligence

« “A branch of computer science dealing with the simulation of intelligent

behavior in computers.” (Merriam-Webster)
« “A program that can sense, reason, act, and adapt.” (Intel)

« “Colloquially, the term ‘artificial intelligence’ is applied when a machine
mimics ‘cognitive’ functions that humans associate with other human minds,

such as ‘learning' and ‘problem solving'.” (Wikipedia)
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Background of Al on PC

« Al has increased significantly in the last 5 years with the availability of large data sources, growth in
compute engines and modern algorithms development. Al on PC is propelling new technologies into
all parts of modern life. Central to this story is that the PCs are now well capable of applying Al
technologies to varied usages from computer vision to identification, classification to natural
language processing.

+ As a data scientist Andrew Ng noted, Al is the next electricity:

"Just as electricity transformed almost everything 100 years ago, today I actually have a hard
time thinking of an industry that | don't think Al will transform in the next several years."

* While Al usage in the cloud continues to grow, there is an inclination to perform Al inference on the
PCs driven by the need for lower latency, persistent availability, lower costs and addressing privacy
concerns. We are moving to the day that devices from phones to PCs and embedded edge devices
all will have Al embedded in them.
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Machine Learning
ARTIFICIAL INTELLIGENCE

A program that can sense, reason,

“The study and construction of act, and adapt
programs that are not explicitly
programmed, but learn patterns

as they are exposed to more MACHINE LEARNING
: ” Algorithms whose performance improve
data over tl me. (Intel) as they are exposed to more data over time
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Machine Learning

These programs learn from repeatedly seeing data, rather than being explicitly
programmed by humans.

Machine

Learning
Program

* wor =

Emails are labeled as The more emails the ...the better it gets at
spam vs. not program sees... classification
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Machine Learning Terminology

This example is learning to classify a species from a set of measurement

features.
sepallength | sepal width | petallength | petal width

Features: o 2 pana
= 2.1 vinginica

Attributes of the data. =
4.6 34 14 0.3 setosa
_— 6.9 3.1 4.9 15|  versicolor
Target' ] 44 29 1.4 0.2 setosa
Column to be predicted. e e - —
59 3.0 5.1 1.8 virginica
54 3.9 1.3 0.4 setosa
4.9 3.0 14 0.2 setosa
5.4 34 1.7 0.2 setosa




Two Main Types of Machine Learning

Dataset Goal Example
Supervised Has a tareet column Make Fraud
Learning 6 predictions detection
Unsupervised Does not have a Find structure Customer
Learning target column in the data segmentation
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Machine Learning Example - fraud detection

« Suppose you wanted to identify fraudulent credit card transactions.
* You could define features to be:
= Transaction time

* Transaction amount

= Transaction location
= Category of purchase

« The algorithm could learn what feature combinations suggest unusual
activity.
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Machine Learning Limitations

- Suppose you wanted to determine if an ima
a dog.

e What features would you use?

 This is where Deep Learning can come in.

Dog and cat recognition
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Deep Learning
ARTIFICIAL INTELLIGENCE

A program that can sense, reason,

“Machine learning that involves act, and adapt
using very complicated models

»n

called “deep neural networks”.

(Intel) MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

Models determine best
representation of original data; in DEEP
classic machine learning, humans LEARNING
must do this. Subset of machine learning in

which multilayered neural
networks learn from
vast amounts of data




MACHINE
LEARNING

How do you
engineer the best
features?

DEEP
LEARNING

How do you guide
the model to find
the best features?

MACHINE V3. DEEP LEARNING

CLASSIFIER
NN R(fl'fz' i) ALGORITHM
oundness of face
Dist between eyes SVM
Nose width Random Forest .
Eye socket depth Naive Bayes Arjun
Cheek bone structure Decision Trees
Jaw line length Logistic Regression
...etc. Ensemble methods
NEURAL NETWORK
Arjun




TRAINING

H
Human e

DEEP LEARNING BASICS

clo

O N %

“Strawberry”

Strawberry

INFERENGE

XS

??77777?
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Lots of N/ —/ Error
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<—,> “Bicycle”

S
SRS

“Bicycle”?

Accuracy

DID YOU KNOW?

Training with a large
data set AND deep (many
layered) neural network
often leads to the highest
accuracy inference

e

ﬁaditional Model

Data set size
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MACHINE LEARNING



Machines Learn in Two Ways:

Supervised Learning &
Unsupervised Learning




Supervised Learning

We train the model. We feed the model with correct answers.
Model Learns and finally predicts.

We feed the model with “ground truth”.
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Unsupervised Learning

Data is given to the model. Right answers are not provided to the
model. The model makes sense of the data given to it.

Can teach you something you were probably not aware of in the
given dataset.
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Types of Supervised and Unsupervised learning

SUPERVISED UNSUPERVISED

CLASSIFICATION CLUSTERING

REGRESSION RECOMMENDATION




EXAMPLES OF SUPERVISED LEARNING - CLASSIFICATION

Predict a label for an entity with a given set of features.

PREDICTION SENTIMENT ANALYSIS
<
g ¥ ﬂ%j Y @’ O' L4
Josy. v v
4 y 4 ,,




Supervised Learning Overview

Training: Train a model with known data.

Data with answers + Model Fit Trained

(features and labels) Model

Inference: Feed unseen data into trained model to make predictions.

Data without answers Trained Predict preagdicted

+
(features only) Model Answer
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Which Model?

Some considerations when choosing are:
* Time needed for training

* Speed in making predictions

* Amount of data needed

* Type of data

* Problem complexity

« Ability to solve a complex problem

 Tendency to overcomplicate a simple one
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Evaluation Metric

There are many metrics available* to measure performance,
such as:

* Accuracy: how well predictions match true values. Accuracy target

x108

2.0 /
1.0 /
* 102

 Mean Squared Error: average square distance
between prediction and true value.
0.0 1.0 2.0

m
)
z ( ’31 xobs yobs)
i=1
Budget

*The wrong metric can be misleading or not capture the real problem.
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EXAMPLE OF UNSUPERVISED LEARNING - CLUSTERING

Group entities with similar features

MARKET SEGMENTATION
PLAY TIME
INHOURS SDerious
% %%ﬁ% Gamers
G0s% a
oXSle} 0 Causal

Gamers

BT
O DDUOD . No
19500 Gamers

39 @ 090

10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 AGE
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DEEP LEARNING



DEEP LEARNING BREAKTHROUGHS

Machines able to meet or exceed human image & speech recognition

IMAGE RECOGNITION 200, . SPEEGH RECOGNITION

Present

DOCUMENT [ OIL &GAS VOICE DEFECT
DETECTION SORTING SEARCH ASSISTANT j DETECTION

Source: ILSVRC ImageNet winning entry classification error rate each year 2010-2016 (Left), https://www.microsoft.com/en-us/research/blog/microsoft-researchers-achieve-new-conve




Classification and Detection

Detect and label the image
 Person
» Motor Bike
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Semantic Segmentation

Label every pixel
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Natural Language Object Retrieval

a scene with three people query="man far right’ query="left guy’ query="cyclist’




Speech Recognition and Language Translation

; Mandarin

Input . Output

Input Eng"Sh . Output au?:lio > text
audio T text .
M) (o) (@) (@) [@) (@) (@) [@) (@) (@) (@) [T T
o||o||o||e||e||e| e |e||e||e||c A () (@] (] (@) (@] (@) (@] (@) (@] (@] (@) (]| |+
£l lo| o] |o| e |e||e||e||e| || ||| ° o||o||o| |e||e||e e || e |e||c ;

gl o] |o| o] |o| e || |®||®| |®| e oo - CAT §l o] |o]|o||®||®||®||® || | (o]0

gl o] (o] |o||e||e||e||e| @ o e  of|c] . gl |el|e| (o] |e||e||e||® || |®f|®||C]||e 3
ol o (o] |0 |@| o 0| e e o o |o X g |o||o| (e |e||e||e| e o e | |0
o| |o||o| |e||e||e| o] |e| @] |e||o|| | 7 gl |o||o||o| |o||e||e||e||e||e||o||o|| |
18199 @)oo e o9 @ C||o]|°] || @ & & & 6 0 O %
RN RS RURUIRCIRCIRURTIRCIAG) %

Q@ Convolution Layer
@ Recurrent Layer
QO Fully Connected Layer

The same architecture is used for English and Mandarin Chinese
speech recognition
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Fully Connected Network

More complicated problems can be solved by
connecting multiple neurons together and using
more complicated activation functions.

%\by > output 1

S\ .
g\J

—> output n

* Organized into layers of neurons.

« Each neuron is connected to every neuron in
the previous layer.

kT

Output Layer

« Each layer transforms the output of the Hidden Layer

previous layer and then passes it on to the
next.

Input Layer

* Every connection has a separate weight
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Convolutional Neural Network

output kernel (flipped) input

i[no 00020
Convolutional neural networks reduce the required | [0 1ele ] fonforter| |
computation and are good for detecting features. T oo |
. ggins e
« Each neuron is connected to a small set of nearby b= e
neurons in the previous layer
« The same set of weights are used for each neuron

* l|deal for spatial feature recognition, Ex: Image | |
recognition i

 Cheaper on resources due to fewer connections
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Summary

* Al on PCwill impact and transform many segments in society.

* Al on PC capabilities will continue to grow with ever growing increasing amounts of data
available for training along with faster computing power, and better algorithms.

* The differences between machine learning and deep learning are:

* Machine learning requires humans to engineer the features and the algorithms that will
learn either in supervised or unsupervised modes.

* Deep learning where the algorithms represent a variety of connection between
computational nodes - the so called neural-networks.

* The differences between training and inference are:

* Training refers to the process where data is processed by an algorithm to produce a
model that is consistent with the features of the given data.

* Inference refers to the process where a trained model when presented with new data can
make predictions.
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