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Artificial Intelligence

Machine Learning
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After it's learned...
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After it's learned you can make predictions:
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What is Tiny Machine Learning (TinyML)?
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Promising Social Applications of TinyML

Wildlife conservation

EIephantEdge

Building The World’s Most Advanced
Wildlife Tracker.

Agriculture

May be able to reduce agrichemical use to 0.1%
of conventional blanket spraying

Technology: The Future of Agriculture

Anthony King

Nature 544, 521-523 (2017) | Cite this article
161k Accesses | 132 Citations | 209 Altmetric | Metrics
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And many more!

Tiny Robot Learning: Challenges and Directions for
Machine Learning in Resource-Constrained Robots

Sabrina M. Neuman!, Brian Plancher!, Bardienus P. Duisterhof?, Srivatsan Krishnan', Colby Banbury®,
Mark Mazumder®, Shvetank Prakash!, Jason Jabbour®, Aleksandra Faust®,
Guido C.H.E. de Croon”, and Vijay Janapa Reddi’
Harvard University', CMU?, University of Virginia®, Google Brain®, Delft University of Technology®
{sneuman@seas, brian_plancher@g, srivatsan@g, cbanbury@g, markmazumder@g, sprakash@g, vj@eecs}.harvard.edu,
bduister@andrew.cmu.edu, jjj4se@virginia.edu, aleksandra.faust@ gmail.com, g.c.h.e.decroon@tudelft.nl

https://arxiv.org/pdf/2205.05748.pdf
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TinyRL: Autonomous Navigation on Nano Drone

| Ligght reading and

< e 95 4

[ICRA21] [IROS’21]
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http://www.youtube.com/watch?v=wmVKbX7MOnU
http://www.youtube.com/watch?v=hj_SBSpK5qg
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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 24



https://hbr.org/webinar/2017/04/whats-your-data-strategy
https://blogs.cisco.com/datacenter/internet-of-things-iot-data-continues-to-explode-exponentially-who-is-using-that-data-and-how
https://blogs.cisco.com/datacenter/internet-of-things-iot-data-continues-to-explode-exponentially-who-is-using-that-data-and-how
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Battery Life is
only O(months)
and only sends
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loT 1.0:

Inte m et RAINFOREST CONNECTION:
of Things HOW IT WORKS

Rainforest
Connection
cloud API
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Real-
cloud API. time alert
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ground
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on Things \¥.

Sound of ... enabling
chainsaws is immediate
picked up by intervention.

microphones in
solar-powered
cellphones.
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Google Assistant
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There are sound economic reasons 7]
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researchers predict [oT will have a|
trillion by 2025, identifying manufg

trillion). |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.

The tinyML community was establi

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

on-device analytics for a variety of ¢ coverage, for good reason. Although the definition of what constitutes edge computing is a bit

chemical, and others) at low power fuzzy, the idea is simple. It's about taking compute out of the data center, and bringing it as close

devices. One of the tinyMLfounder 14 where the action is as possible.
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ultimate benefits of extreme energy . . .
. ) ) or autonomous vehicles, there's one thing in common. Increasingly,
intelligence and analytics at low c¢ e
feat » data generated at the edge are used to feed applications powered
features...”.
] 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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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 I-

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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250 Billion
MCUs today
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https://arxiv.org/pdf/1910.01108.pdf

https://towardsdatascience.com/neural-network-architectures-156e5bad51ba
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TensorFlow Lite Micro

1F TensorFlow Install  Learn~v APl v  Resources v  Community v  WhyTensorFlow v

For Mobile & Edge

Overview Guide Android ios Other Edge Models

= Filter

Quickstart

Linux-based devices

Images & video

Object detection [
Image classification [}
Video classification [

Audio

Sound classification [}

Microcontrollers
Overview

Get started

Hotword detection [
Understand the C++ library
Build and convert models

Examples APl

TensorFlow > Leam > For Mobile & Edge > Other Edge Was this helpful? 7 G
TensorFlow Lite for Microcontrollers 0

TensorFlow Lite for Microcontrollers is designed to run machine learning models on microcontrollers and other devices
with only few kilobytes of memory. The core runtime just fits in 16 KB on an Arm Cortex M3 and can run many basic
models. It doesn't require operating system support, any standard C or C++ libraries, or dynamic memory allocation.

Y Note: The TensorFlow Lite for Mi i features work by developers combining Arduino and TensorFlow to
create awesome experiences and tools. Check out the site for inspiration to create your own TinyML projects.

Why microcontrollers are important

Microcontrollers are typically small, low-powered computing devices that are embedded within hardware that requires
basic computation. By bringing machine learning to tiny microcontrollers, we can boost the intelligence of billions of
devices that we use in our lives, including household appliances and Internet of Things devices, without relying on
expensive hardware or reliable internet connections, which is often subject to bandwidth and power constraints and
results in high latency. This can also help preserve privacy, since no data leaves the device. Imagine smart appliances
that can adapt to your daily routine, intelligent industrial sensors that the diffe between and
normal operation, and magical toys that can help kids learn in fun and delightful ways.

Supported platforms

TensorFlow Lite for Microcontrollers is written in C++ 11 and requires a 32-bit platform. It has been tested extensively
wnh many processors based on the Arm Cortex-M Series architecture, and has been ported to other architectures

inn CON2A Tha framn

AR A

b E R AR A PR R

Q Search @ Language ~

On this page

Why microcontrollers are important
Supported platforms

Explore the examples

Workflow

Limitations

Next steps.
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Create library

Conmm
C

©.0)

ARDUINO

E D G E C++ library Arduino library
=
IMPUI
WebAssembly TensorRT library

Run your impulse directly

Run this impulse directly on your mobile phone or computer, no app required.

Computer Mobile phone

Turn your impulse into optimized source code that you can run on any device.

Cube.MX CMSIS-

PACK

Build firmware
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Get a ready-to-go binary for your development board that includes your

impulse.

ST loT Discovery Kit

Raspberry Pi
RP2040

Himax WE- Plus

Arduino Nano 33 BLE
Sense

SiLabs Thunderboard
Sense 2

Nordic nRF52840 DK +
IKS02A1

Espressif ESP-EYE
(ESP32)

SiLabs xG24 Dev Kit

BETA

i

Nordic nRF5340 DK

+ [KS02A1 50
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Scaling TinyML
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The Machine Q =

Making sense of Al

Sponsored

VB Staff

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

019

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

AWS Activate offers free tools,

“If your competitors are applying Al, and they’re finding insight that allow
training, and more for startups vy DS pplying Al % g insig]

to help you quickly build and them to accelerate, they’re going to peel away really, really quickly,” Deborah
scale quickly - plus, you can Leff, CTO for data science and Al at IBM, said on stage at Transform 2019.
receive up to $100,000 Activate

credits.

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

o3
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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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Predicts 2019: Analytics and Bl Solutions

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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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.

Machine
Resource Monitoring
: Management
Configuration Data Collection Serving
Infrastructure

Analysis Tools

Feature

Proce
Extraction sS

Management Tools
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B MLCode

Experimentation & prototyping

Data
Engineering Problem
: Definition !
1
Dataset Model
- Evaluation

Dataset &
feature
repository

Model
Validation
Model
Prototyping
/Y
1

1

1

_______ Feature _______:
Engineering

Trained Parameters,
Model metrics,
[okef: annotations

Model ML metadata

registry

& artifact
repository

Practitioners guide to MLOps: A framework for continuous
delivery and automation of machine learning

Code &
Config

Version
Control

Training
formalization

pleme
training pipeline

Training
operationalization
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ﬂ MLOps for Scaling TinyML | X + v

@ edx.org/course/mlops-for-scaling-tinyml h H* @ ¥ = @ -\

Other Bookmarks

TinyML Harvard MLC Research [E3 Seeed CS141 TimeBuddy (& Jasper.Al * s

@ Courses ¥  Programs & Degrees ¥  Schools & Partners What do you want to learn? Q edX for Business Sign In

edX is part of 2U: the next era of online learning begins today! Visit our Help Center to read more about changes at edX X
Catalog > Computer Science Courses

&5 HARVARD

UNIVERSITY

MLOps for Scaling TinyML

This course introduces learners to Machine Learning Operations (MLOps)
through the lens of TinyML (Tiny Machine Learning). Learners explore best
practices to deploy, monitor, and maintain (tiny) Machine Learning models in
production at scale.

Estimated 7 weeks @ Self-paced Free
2-4 hours per week 4 Progress at your own speed Optional upgrade available
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ML Sensor

Information MACHINE LEARNING SENSORS

Pete Warden' Matthew Stewart’ Brian Plancher? Colby Banbury’ Shvetank Prakash’ Emma Chen
Zain Asgar' Sachin Katti' Vijay Janapa Reddi’

!Stanford University 2Harvard University

ABSTRACT
Machine learning sensors represent a paradigm shift for the future of embedded machine learning applications.
Current instantiations of embedded machine learning (ML) suffer from complex integration, lack of modularity,
and privacy and security concerns from data movement. This article proposes a more data-centric paradigm for
embedding sensor intelligence on edge devices to combat these challenges. Our vision for “sensor 2.0 entails
segregating sensor input data and ML processing from the wider system at the hardware level and providing a
thin interface that mimics traditional sensors in functionality. This separation leads to a modular and easy-to-use
ML sensor device. We discuss challenges presented by the standard approach of building ML processing into the
software stack of the controlling microprocessor on an embedded system and how the modularity of ML sensors
alleviates these problems. ML sensors increase privacy and accuracy while making it easier for system builders to
integrate ML into their products as a simple component. We provide examples of prospective ML sensors and an
illustrative datasheet as a demonstration and hope that this will build a dialogue to progress us towards sensor 2.0.
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PA1 Person Detection

Description: The PA1 Person Detection Module enables you to

quickly and easily add smarts to your loT deployment to

monitor and detect for humans. You can use this module

indoors and outdoors to understand where and when humans

arrive at your deployment site.

Features:

* Real-time Person Detection with On-Device ML

* Indoor and Outdoor use

« Finds a person at a maximum distance of 10 meters to a
minimum distance of 5 centimeters

« Operates in low and high light environments (1-20000 Lux)
across a wide temperature range (0 to 50 °C)

* Features Color and Black-and-White Detection Modules

Use Cases:

« Smart business and home security systems

+ Multi-modal key word spotting for virtual assistants

+ Occupancy sensors and other infrastructure sensors

Sources: fabacademy.org and d
wvee GNO ()
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Hardware Characteristics

Model performance:

Measured with Precision-Recall (PR)

and Area Under the PR Curve (PR-AUC).

Download raw performance results

1" data here. Disaggregated performance

measured with Recall, which captures

how often the model misses faces with

specific characteristics. Equal recall across

o subgroups corresponds to the “Equality of
Opportunity” fairness criterion.

Performance evaluated on:

* Asubset of Open Images

* Face Detection Data Set and Benchmark
* Labeled Faces in the Wild

1 Model
| Characteristics

Source: modelcards.withgoogle.com

| Environmental Impact: Full report can be found here. @ 2508

1 Environmental Impact
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@ edx. hi I

B3 Harvard B3 MLC

al-cer

B Research

a
@

B Other Bookmarks

ning

B9 TinyML B9 Seeed B3 CS41

TimeBuddy

VJs Funding

The Future of ML is Tiny
and Bright

Professional Certificate in

Tiny Machine Learning (TinyML)

Q n

%ﬂ HARVARD

UNIVERSITY

I'minterested ©

Eq MLOps for Scaling TinyML [ ec. X +
8 @ edx.org/course/mlops-for-scaling-tinyml b % @
What you will
B3 TiyML B3 Harvard B MLC B3 Research B Seeed B3 CS14 TimeBuddy ( JasperAl VJs Funding
« Fundamentals of ma¢
« How to gather data ¢ @ Courses ¥  Programs & Degrees ¥  Schools & Partners What do you want to learn? ~ Q edX for Business
« How to use Python
edX is part of 2U: the next era of online learning begins today! Visit our Help Center to read more about changes at edX
« How to optimize mac
| Catalog > Computer Science Courses
« How to conceive and
* How to program in T¢ & MARVARD
@ Introduction to Embedded Ma: X+ 5,
@ coursera.org/learn/introduction-to-embedded-machine-learning % @ %8 [ -
B3 TinyML B3 Harvard B§ MLC B3 Re h B3 Seeed B3 CS141 TimeBuddy (& Jasper.Al VJs Funding B3 other Bookmarks

coursera [N | e B

Online Degrees ~ Find your New Career  For Enterprise

o tingML
JIL— 72 ZSXSL}%)SCHDHS
Browse > DataScience > Machine Learning Offered By HOME VIDEOS
Introduction to Embedded o= EDGE IMP v
Machine Learning
* % %k * 4.8 306 ratings | dp 96%
59:48

§ Shawn Hymel +1 more instructor

Enroll for Free PR
Financial aid available
Starts Apr 25

16,642 already enrolled

tinyML Auto ML Tutorial with
Nota Al

130

ws + 1 day ago

tinyML Auto ML Forum -

About Paneldiscussion

Instructors  Svllabus  Reviews Enrollment Options FAQ
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TinyMLedu Home TinyML Courses Teach TinyML Working Groups Discourse — mmm
The Tiny Machine Learning Open Education Initiative —

Welcome to the Tiny Machine Learning Open
Education Initiative (TinyMLedu)

We are an international group of academics and industry
professionals working to improve global access to educational

materials for the cutting-edge field of TinyML. TinyML brings the
transformative power of machine learning (ML) to the
performance- and power-constrained domain of embedded
systems. Successful deployment in this field requires knowledge
of applications, algorithms, hardware, and software. TinyMLedu is
hosted by the Harvard John A. Paulson School of Engineering

SUBSCRIBE

PLAYLISTS COMMUNITY CHANNELS ABOUT

Eample

tinyML Talks Shenzhen: 5%
T8 NEFIEBTKI2..

80 views + 12 days ago

tinyML Auto ML Tutorial with
Neuton

tinyML Challenge 2022:
Smart weather station

tinyML Talks South Africa -
What is tinyML?

tinyML Talks: The new
Neuromorphic Analog Signa...

97 views - 1day ago - 124

ws + 5 days ago

171 views - 12 days ago 304

tinyML Auto ML Forum -
Demos

tinyML Auto ML Forum
Kevnote - State of the

tinyML Trailblazers Success
Stories with Mouna Flkhatib

tinyML Talks Taiwan in
Mandarin and Enalish:

tinyML Talks: Meetup ltaly
with emall-medium industries
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Latam Regional Workshop g
on SciTinyML: ?(CTP
Scientific Use of

Machine Learning on
Low-Power Devices

14-15 July/2022
Online

The Future of Machine
Learning is Tiny and Bright

Brian Plancher 0B 120; (oS
Barnard College, Columbia University
Harvard John A. Paulson School of Engineering and Applied Sciences

brianplancher.com
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