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Wildlife Conservation
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http://www.youtube.com/watch?v=9kXMOyJVCNA

ElephantEdge

Risk
Monitoring

Activity
Monitoring

Communication
Monitoring

“Know when an elephant is moving into a high-risk area and
send real-time notifications to park rangers.”

“Sense and alert when an elephant is heading into an area
where farmers live.”

“Classify the general behavior of the elephant, such
as when it is drinking, eating, sleeping, etc.”

“Listen for vocal communications between
elephants via the onboard microphone.”
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TinyRL: Autonomous Navigation on Nano Drone
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http://www.youtube.com/watch?v=wmVKbX7MOnU
http://www.youtube.com/watch?v=hj_SBSpK5qg
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Meet TinyML: The Latest Machine
Learning Tech Having An Outsize
Business Impact

Dr. Nicholas Nicoloudis &rand
SAP BRANDVOICE
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As device sens
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product development through insp(
surfacing to provide actionable insi
There are sound economic reasons

researchers predict [oT will have a|

trillion by 2025, identifying manufg
trillion).

The tinyML community was establi
learning architectures, techniques,
on-device analytics for a variety of§
chemical, and others) at low power

devices. One of the tinyML founder

“.we are in the midst of the digital
ultimate benefits of extreme energy
intelligence and analytics at low e¢

features...”
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|D musT READ: Logéj flaw: Now state-backed hackers are using bug as part of attacks,

Machine learning at the edge: Tin
getting big

Being able to deploy machine learning applications at the edge is the key to unlocking
TinyML is the art and science of producing machine learning models frugal enough to
rapid growth.

4 <F  Written by George Anadiotis, Contributing Writer

g Posted In Big on Data on June 7, 2021 | Topic: Big Data

Is it $61 billion and 38.4% CAGR by 2028 or $43 billion and 37.4% CAGR by 2027? Depends on
which report outlining the growth of edge computing you choose to go by, but in the end it's not
that different.

What matters is that edge computing is booming. There is growing interest by vendors, and ample

coverage, for good reason. Although the definition of what constitutes edge computing is a bit

fuzzy, the idea is simple. It's about taking compute out of the data center, and bringing it as close

to where the action is as possible.

Whether it's stand-alone loT sensors, devices of all kinds, drones, EXECuTIVE SUE
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or autonomous vehicles, there's one thing in common. Increasingly,
data generated at the edge are used to feed applications powered
by machine learning models. There's just one problem: machine

learning models were never designed to be deployed at the edge.

Not until now, at least. Enter TinyML.
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E ! J NEXT EVOLUTION OF MACHINE LEARNING IS UPON US

SPONSORED

How TinyML is powering big ideas across
critical industries

BrandPost Sponsored by SAP | Learn More | JUL 18, 2021

From cars and TVs to lightbulbs and doorbells. So many of the objects in everyday life

have ‘smart’functionality because the manufacturers have built chips into them.

But what if you could also run machine learning models in something as small as a
golf ball dimple? That's the reality that’s being enabled by TinyML, a broad movement
to run tiny machine learning algorithms on embedded devices, or those with
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As device sensors proliferate across every company’s value chain —
from new product development through inspection, tracking, and
delivery — tinyML is surfacing to provide actionable insights,

transforming business as we know it. There are sound economic

reasons for all this interest and activity. McKinsey researchers predict

identifying manufacturing as the largest vertical (US $1.2-3.7 trillion).

Source: https://www.forbes.com/sites/sap/2021/11/08/meet-tinymi-the-latest-machine-learning-tech-having-an-outsize-business-impact/
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Market Forecast

Very Edge Al-Enabled Device Global Shipments by Vertical

9
[=)
=]
o

2,500

(MILLIONS)

2,000

1,500

1,000

500

m Utilities

u Transport and Logistics

m Smart Cities

m Retail

® Industrial and Manufacturing
Healthcare

m Consumer
Banking and Finance

m Agriculture

2021 2024 2027 2030

26



TinyML Is All About Sensor Data Intelligence

Motion Sensors Acoustic Sensors Environmental Sensors
Gyroscope, radar, Ultrasonic, Microphones, Temperature, Humidity,
magnetometer, accelerator Geophones, Vibrometers Pressure, IR, etc.
Touchscreen Sensors Image Sensors Biometric Sensors
Capacitive, IR Thermal, Image Fingerprint, Heart rate, etc.
Force Sensors Rotation Sensors
Pressure, Strain Encoders
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No Good Data Left Behind

5 Quintillion <1%

bytes of data produced of unstructured data is
every day by loT analyzed or used at all

Source: Harvard Business Review, What's Your Data Strategy?, April 18, 2017
Cisco, Internet of Things (loT) Data Continues to Explode Exponentially. Who Is
Using That Data and How?, Feb 5, 2018 28
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TinyML Challenges




250 Billion
MCUs today
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Himax HX6537-A 2MB flash Accelerometer, Mic,
WE-I Plus EVB 32-bit EM9D DSP 400 MFlz 2MB RAM Camera None
Mic, IMU, Temp,
Arduino 32-bit 1MB flash Humidity, Gesture,
Nano 33 BLE Sense nRF52840 il 256kB RAM Pressure, Proximity, BLE
Brightness, Color
n SparkFun 32-bit 1MB flash Accelerometer, Mic,
i Edge 2 ArtemisV1 Aol 384kB RAM Camera ELE
S Espressif 32-bit 4MB flash : -
% EYE ESP32-DOWD 240 MHz 520kB RAM Mic, Camera WiFi, BLE

32



Challenges
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Keyword Visual Wake Anomaly Image
Spotting Words Detection Classification

8

< 30ms > Audio Sample Data
airplane
— automobile
bird
Microphone array
l cat
deer
dog
[ < 256 values > | frog
500mm horse
Spectrogram
ship
< 43 values >
--------- truck
.......... Side
rail
(b) ‘Not-person’
Warden, Pete. "Speech commands: A dataset for limited-vocabulary  chowdhery, Aakanksha, et al. “Visual wake words dataset.” Purohit, Harsh, et al. "MIMII dataset: Sound dataset for Krizhevsky, Alex, and Geoffrey Hinton. "Learning multiple
speech recognition.” arXiv preprint arXiv:1804.03209 (2018). a;'Xiv preprint,arXiv:1906A05721 (2019). malfunctioning industrial machine investigation and layers of features from tiny images." (2009): 7.

inspection." arXiv preprint arXiv:1909.09347 (2019).
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Scaling TinyML




Al Investments

IN MILLIONS OF U.S. DOLLARS

United States China Rest of the world Total

$30,000
$20,000
$10,000 /,
.—-—'./.
0 | | | | | | T | | I | 1 1 1 | I | I T

2015 2017 2019 2015 2017 2019 2015 2017 2019 2015 2017 2019

Source: Brookings Tech Stream
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https://www.brookings.edu/techstream/what-investment-trends-reveal-about-the-global-ai-landscape/
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Making sense of Al

Sponsored

VB Staff

Why do 87% of datascience ...
projects never make it into
production?

Transform 2019

1 11, 2019

Build and scale with up to
$100,000 in AWS
Activate credits

AWS Activate offers free tools,
training, and more for startups
to help you quickly build and them to accelerate, they’re going to peel away really, really quickly,” Deborah
scale quickly - plus, you can
receive up to $100,000 Activate
credits.

“If your competitors are applying Al, and they’re finding insight that allow

Leff, CTO for data science and Al at IBM, said on stage at Transform 2019.

On their panel, “What the heck does it even mean to ‘Do AI'? Leff and Chris
e Chapo, SVP of data and analytics at Gap, dug deep into the reason so many
companies are still either kicking their heels or simply failing to get AT
strategies off the ground, despite the fact that the inherent advantage large
companies had over small companies is gone now, and the paradigm has
changed completely. With Al the fast companies are outperforming the slow
companies, regardless of their size. And tiny, no-name companies are actually

stealing market share from the giants.

But if this is a universal understanding, that Al empirically provides a

competitive edge, why do only 13% of data science projects, or just one out of



Predicts 2019: Analytics and BI Solutior/

e Through 2022, only 20% of analytic insights will deliver business outcomes.

e By 2021, proof-of-concept analytic projects using quantum computing

infrastructure will have outperformed traditional analytic approaches in multiple
domains by at least a factor of 10

Source: https.//blogs.gartner.com/andrew_white/2019/01/03/our-top-data-and-analytics-predicts-for-2019/
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Let’s quantify this a bit. In 2019 alone, approximately_were
invested into privately held Al companies. If we extrapolate this and throw

the approximated success rate of Al projects into these figures (and
completely exclude intracompany ML investments), we reach the

conclusion that in 2019, arouncl_
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Hidden Technical Debt in Machine Learning Systems

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips
{dsculley, gholt, dgg, edavydov, toddphillips}@google.com
Google, Inc.
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Practitioners guide to MLOps: A framework for continuous
delivery and automation of machine learning
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https://services.google.com/fh/files/misc/practitioners_guide_to_mlops_whitepaper.pdf
https://services.google.com/fh/files/misc/practitioners_guide_to_mlops_whitepaper.pdf

ML
Development

ML Training

Continuous
Training

B

y
e ] Data’ MOdel - - m e e iiieieeaaaeiaea e,
Management § :
A : :

Convert
Model

Model
Deployment

Prediction
Serving

Continuous
Monitoring

o4



ML
Engineer

ML
Researcher

—
Wi

Data
Scientist

o @ @

Data
Engineer

Software
Engineer

DevOps

Business
Analyst

SB)



ML Engineer

ML Researcher

A
i
Data Scientist

~

AN

'

Data Engineer

Software Engineer

o
@
<
(0}
o
7]

&l

Business
Analyst

ML Expertise

BASIC

EXPERT

56



Deployment Expertise

ML Engineer

&

ML Researcher

o)
i

Data Scientist

Y

Data Engineer

Software Engineer

o
@
<
(0}
o
7]

Business BASIC EXPERT
Analyst



>
7

S o B @

ML ML Data Data Software DevOps Business
Engineer Researcher Scientist Engineer Engineer Analyst

@

Model

Development Operations

o8



5 9 o B @

ML ML Data Data Software DevOps Business
Engineer Researcher Scientist Engineer Engineer Analyst

“Applied ML
Xpertise”

@

59



DEPTH

high skills in one discipline

BREADTH

of experience, knowledge, & sectors

ML Operations
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The Distributed Intelligence Spectrum

Intelligent Device
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The Distributed Intelligence Spectrum
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Massive Potential for Impact

Very Edge Al-Enabled Device Global Shipments by Vertical
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Promising Social Applications of TinyML

Agriculture

Wildlife conservation
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