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What is Tiny Machine Learning (TinyML)?

TinyML —— P

Fastest-growing field of ML il D

I Algorithms, hardware, software

: : ]
On-device sensor analytics

Always-on ML
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What Makes TinyML?

Embedded
Systems

TinyML

Machine
Learning




What Makes TinyML?

TinyML

TensorFlow Lite



Hardware (Dev. Boards)

Raspberry Pico (W) Arduino Nano Espressif ESP 32 Seeed XIAO Arduino Pro
Sense ESP32S3 Sense
32Bits CPU Dual-core Arm Arm Cortex-M4F | Xtensa LX6 Dual Core | Xtensa LX7 Dual Core | Dual Core Arm Cortex
Cortex-MO+ M7/M4
CLOCK 133MHz 64MHz 240MHz 240MHz 480/240MHz
RAM 264KB 256KB 520KB (part available) 8MB (PSRAM) 1MB
ROM 2MB 1MB 2MB 8MB 2MB
Radio (Yes for W) BLE BLE / WiFi BLE / WiFi BLE / WiFi
Sensors No Yes No Yes Yes (Nicla)
Bat. Power Manag. No No No Yes Yes
Price $ $5$ $ $$ 5535

https://media.digikey.com/Resources/Maker/the-original-quide-to-boards-2022.pdf 6



https://media.digikey.com/Resources/Maker/the-original-guide-to-boards-2021.pdf

Power

Hardware § ¢ FdoeML
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Audio Classification ‘ ‘
50 KB
@ Anomaly Detection
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Rpi-Pico Arduino Nano Arduino Pro RaspberryPi SmartPhone Jetson Nano
(Cortex-MO+) (Cortex-M4) (Cortex-M7) (Cortex-A) (Cortex-A + GPU)



Software
5

TensorFlow Lite

Deploy Make

model at inferences
Edge at Edge
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| ‘ IOS TensorFlow Lite Micro
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How to Train a ML Model?



Machine Learning \Workflow

[THNTT] [THNTT]
LLLLL L
Collect Preprocess Design a Train a Evaluate Convert Deploy Make
DEE] Data Model Model Optimize Model Model Inferences

<4——————— = EDGE IMPULSE —m———p>
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Machine Learning \Workflow

Collect Make
Data Inferences

Dataset Impulse Test Deploy
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El Studio

Dataset o

= Edge Impulse x  +

) @ edgeimpulse.com b % 0@

Introducing our new Python SDK: Optimize and convert trained models to embedded C++ in minutes Read more

Enrich data and train ML
algorithms

Acquire valuable

:—: EDGE IMPULSE Product ~ Solutions ~ Developers ~ Pricing Company ~ Blog Login

training data securely

Optimize Al for 7
Impulse the edge NV

Checking.

Veart Rete

Edge Device

Optimized embedde&
and edge compute

deployment

fo=——=X
[=====5]
(e

Edge Impulse is the edge Al platform for enterprise teams
building innovative products. Optimize your models and
deploy to any edge device with ease. Accelerate product
development while minimizing risks with a platform designed
to handle real-world sensor data.

Vibration

Start today Schedule a demo
A Motion anomaly

Test impulse with real- JJ\NM

time device data flows A

Tests

Learn more at http://edgeimpulse.com

2023 SciTinyML Workshop - Edge Impulse Overview by Shawn Hymel

Copyright Edgeimpulse Inc.


https://youtu.be/Asebo9TkJuk

TinyML Application



Machine
Learning

Supervised

Task driven

Regression
Classification
Object Detection

Unsupervised Reinforcement

Data driven Learns to react to an
environment

Anomaly Detection e Autonomous
Navigation

14



15



16



Personal Assistant
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KeyWord Spotting (KWS) - Inference

Make things
happen
Obtains an input Pre-Process Runs model postprocesses PP
A \ A
l : \ { \ ( A \ [ I |
«-————-\ a-————-\ a-————-\

/
l Digital Mic
|
|

MFCC
Feature
Converter

| 16KHz / 16 bits Output: Image

| Sample: [1s] [13, 50, 1]
N N e N
Output Dim [1, 3] Check the
- Prob ‘iesti’ highest
- Prob ‘unifei’ probability
L0 | . H
- Prob ‘silence’ Take actions
.
Qe ——

https://voutu.be/XnFYz-RSNe8

18


https://youtu.be/XnFYz-RSNe8
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Mechanical Stresses in Transport

Terrestrial

Fork-Lift

Maritime
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Sliding Window: 200 ms
»2 second window
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TinyML under the
hood: Spectral
Analysis

21



Classes

Lift
Terrestrial
Maritime
Iddle

w2
Classifier

>
3
=
8
<

N e e e e e e e e e

22



63 Features

- RMS
+  SKEW
+  KURT
+ FFT
- PSD

InputLayer

units = 63

Dense Dense Dense

kernel (63x20)
bias (20)
activation = relu
units = 20

Hidden

Layer 1

kernel (20x10)
bias (10)
activation = relu
units = 10

kernel (10x4)

units = 4

o
activation = softmax y_pre

Classes

Lift
Terrestrial
Maritime
Idle
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Anomaly Detection — K-Means

Oélier .
Maritime O O
O © O
o O

O
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Computer Vision Main Types

Image Classification Object Detection
(Multi-Class Classification) Multi-Label Classification + Object Localization

Cat: 70% Dog: 80%

26



Computer Vision Main Types

Image Classification
(Multi-Class Classification)

Cat: 70%
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Image Classification Project

* Possible ImagM

* Medicine
* background
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/dev/cu.usbmodem1101
Send

10:44:47.849 -> banana: ©0.01953
10:44:47.849 -> potato: 0.12891
10:44:48.103 -> Predictions (DSP: 3 ms., Classification: 135 ms., Anomaly: @ ms.):
10:44:48.103 -> apple: 0.86328

10:44:48.103 -> banana: 0.03906

10:44:48.103 -> potato: 0.10156

10:44:48.356 -> Predictions (DSP: 3 ms., Classification: 135 ms., Anomaly: @ ms.):
10:44:48.356 -> apple: 0.90234

10:44:48.356 -> banana: 0.02344

10:44:48.356 -> potato: 0.07422

10:44:48.612 -> Predictions (DSP: 3 ms., Classification: 135 ms., Anomaly: @ ms.):
10:44:48.612 -> apple: 0.91797
10:44:48.612 > banana: 0.02344
10:44:48.612 -> potato: 0.05859

10:44:48.861 -> Predictions (DSP: 3 ms., Classificationy 135 ms.| Anomaly: @ ms.):
10:44:48.861 -> apple: 0.88281
10:44:48.861 -> banana: 0.03516
10:44:48.861 -> potato: 0.08203 TinyML Made Easy: Image
10:44:49.114 -> Predictions (DSP: 3 ms., Classification: 135 ms., Anomaly: @ ms.): Classification
MJRoBot (Marcelo Rovai)
v Autoscroll v Show timestamp Both NL & CR C 115200 baud c Clear output

135 ms 171 ms 45 ms
XIAO ESP32S3 ESP - CAM ARDUINO Pro
Xtensa LX7 Xtensa LX6 ARM H7
240 MHz 240 MHz 480 MHz
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https://www.hackster.io/mjrobot/tinyml-made-easy-image-classification-cb42ae

Computer Vision Main Types

Object Detection
Multi-Label Classification + Object Localization

30



Detecting Objects using TinyML (FOMO)

o o e e e espcam L2 2 2 2 3 E 2

X 70 y 150
Xx 130 y 170

oo o e ok nano o oo o

X 70 y 110

L2 2 2 2 2 & 2 3 3 plco LI 2 2 2 2 & 3 3 3

x 150 vy 30

EEEEREE RS WIO EXEEEEEEEES

X 50 y 50

EXEEEEEEE S Xiao STk EEEE
x 150 vy 110

x 130 vy 130

6.97512 fps

EdgeAl made simple - Exploring Image Processing (Object Detection) on microcontrollers with Arduino Portenta, Edge Impulse FOMO,
and OpenMV
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https://www.hackster.io/mjrobot/where-are-my-tinyml-devices-b7b232
https://www.hackster.io/mjrobot/where-are-my-tinyml-devices-b7b232

Detecting Objects using TinyML (FOMO)

W 7Y Ww

2
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MicroPython

—- EDGE IMPULSE

https://youtu.be/{OZKxO3KnlA
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https://youtu.be/jOZKxO3KnIA

Regression on [inylViL

Remote database

L—
L[}
Data to

Sensor Node Real time Data from sensors

Equipment to be monitored
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e e

N /K’a e

Data processing and
analytics model

On-Device loT-Based Predictive Maintenance
Analytics Model: Comparing TinyLSTM and
TinyModel from Edge Impulse

fixed acidity
volatile acidity
citric acid

residual sugar
chlorides

free sulfur dioxide
total sulfur dioxide

pH
sulphates
alcohol

density ——

Machine
Learning

Supervised

Task driven

Sensor fusion

¥ ¥ ¥ ¥

Regression
Model

»

>

>

>

TinyML Made Easy: Exploring Regression - White Wine Quality
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https://www.hackster.io/mjrobot/tinyml-made-easy-exploring-regression-white-wine-quality-9a7197
https://www.mdpi.com/1424-8220/22/14/5174/htm
https://www.mdpi.com/1424-8220/22/14/5174/htm
https://www.mdpi.com/1424-8220/22/14/5174/htm

The Future of the
EdgeAl/ML



Sensor 1.0
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Physical
Sensor

Processor Cloud
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Physical
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Machine Learning
(ML) Sensor

1111l
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Processor

Cloud

Sensor 2.0

37



Q4 useful
@ sensors

Lo 1
Person Gaze Voice Text
detector sensor command recognizer

The Person Sensor has
built in facial recognition
and determines how
many people there are,
as well as their relative
position.

\ Hoolleed
ROS ¢/ -
|G~ -

P~ g et
i) “Yséiu)l Sensors

USD 10 -> https://www.sparkfun.com/products/21231
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https://www.sparkfun.com/products/21231
https://usefulsensors.com/

Bosch BMEGSS - Environmental sensing with Al

9 . 0O
® Q0

Relative humidity barometric Excellent temperature stability Humidity Gas sensing
pressure
- Ee——
= = o e
© wmiw ommsess Thgam o @ = rntes
BT
©  Normuthr Cofte Sesson Theg2000, 100308 an
9 Filter Coffen Coftes Session Aug 2020, 163536 - > Detals
BOSCH
.-.-O Invented for life II
[ el
Bosch Sensortec . r’
BME Al-Studio
https://www.bosch-sensortec.com/products/environmental-sensors/gas-sensors/bme688/
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https://www.bosch-sensortec.com/products/environmental-sensors/gas-sensors/bme688/

mlsensors.org

https:

ithub.com/harvard-edge/ML-Sensors

MACHINE LEARNING SENSORS

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

! Stanford University “Harvard 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

bedding sensor intellig 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 p d by the dard approach of building ML prc ing 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

2206.03266v1 [cs.LG] 7 Jun 2022

arXiv

integrate ML into their products as a simple component. We provide examples of prospective ML sensors and an

h

illustrative d

1 INTRODUCTION

Since the advent of AlexNet [43], deep neural networks have
proven to be robust solutions to many challenges that involve
making sense of data from the physical world. Machine
learning (ML) models can now run on low-cost, low-power
hardware capable of deployment as part of an embedded
device. Processing data close to the sensor on an embedded
device allows for an expansive new variety of always-on
ML use-cases that preserve bandwidth, latency, and energy
while improving responsiveness and maintaining data pri-
vacy. This emerging field, commonly referred to as embed-
ded ML or tiny machine learning (TinyML) [73, 18, 39, 59],
is paving the way for a prosperous new array of use-cases,
from personalized health initiatives to improving manufac-
turing productivity and everything in-between.

However, the current practice for combining inference and
sensing is cumbersome and raises the barrier of entry to
embedded ML. At present, the general design practice is to
design or leverage a board with decoupled sensors and com-
pute (in the form of a microcontroller or DSP), and for the
developer to figure out how to run ML on these embedded
platforms. The developer is expected to train and optimize
ML models and fit them within the resource constraints of
the embedded device. Once an acceptable prototype imple-
mentation is developed, the model is integrated with the rest
of the software on the device. Finally, the widget is tethered

asad ation and hope that this will build a dialogue to progress us towards sensor 2.0.

?

Y.
3
T

Cloud

TTrrTT

k(((d@

Physical
Sensor

Figure 1. The Sensor 1.0 paradigm tightly couples the ML model
with the application processor and logic, making it difficult to
provide hard guarantees about the ML sensor’s ultimate behavior.

LLLLLL

b0y » = =

Machine Leaming
(ML) Sensor

Processor Cloud

Figure 2. Our proposed Sensor 2.0 paradigm. The ML model is
tightly coupled with the physical sensor, separate from the applica-
tion processor, and comes with an ML sensor datasheet that makes
its behavior transparent to the system integrators and developers.

It requires a sophisticated understanding of ML and the in-

to the device under test to run inference. The current ap-
proach is slow, manual, energy-inefficient, and error-prone.

tricacies of ML model implementations to optimize and fit
a model within the constraints of the embedded device.

40



Massive Potential for Impact

Very Edge Al-Enabled Device Global Shipments by Vertical

»n 3,000
Z i ‘ m Utilities
o | T DA
=3 On Premise Servers p.
E 2500 4 e . . ® Smart Cities
~— Intelligent Device m Retail
Ultra Low Powered d-

i by G ® Industrial and Manufacturing
2,000 X o * Healthcare
m Consumer

TinyML - « cLouD Al

1500 = s g Banking and Finance
X Due to existing constraints, these devices are located at the extremely left end of the .

distributed intelligence spectrum. . Agnculture

1,000
500
5 —
2021 2024 2027 2030
Source: ABI Research: TinyML



2023 Gartner Emerging Technologies
and Trends Impact Radar

Range
N Cy,. 610 8 Y
‘.,‘0 Responsible Al @ . El(;lperscale : "’0.9 o 8 Years
2\ ge Computing /@ 3 to 6 Years
A@“‘ () 006 1to 3 Years
fo @ Decentralized Identity Web3 @:’ M Now (0 to 1 Year)
&
o
QQ Digital Ethics @ Blockchain .
& Hyperautomation Mass
Ii‘! °® in Security @ 6G
o ® @ Tokenization Low.
Knowledge Medium
@ Human-Centered Graphs () i
Neuromorphic ® High
Computing . Very High
ter
Self-Supervised
Model Learning
‘ Smart Space ompression ()
@ Multimo
. Metbvorse ‘ Synthetic Data @ Intelligent
Digital Twins Applications o
‘.°°
& @ Generative Al °\°
")e @ Spatial Computing QS'A
‘e
%, Digital Human ,\,i\
Y%y (Al Avatars) oo"'
° o
o
gartner.com

Note: Range measures number of years it will take the technology/trend to cross over
from early adopter to early majority adoption. Mass indicates how substantial the impact of

the technology or trend will be on existing products and markets.
Source: Gartner a r ner
© 2023 Gartner. Inc. All rights reserved. CM_GTS_2034284 ®

Edge Al has a
very high impact
potential, and it
is for now!
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Conclusion

\'/
Q

The Future of ML is
Tiny and Bright

Vijay Janapa Reddi, Ph. D. | Associate Professor |
John A. Paulson School of Engineering and Applied Sciences | Harvard University |
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Responsible Al

Suzan Kennedy, Ph.D.

MSan_ta Clara N
» a0 University SciTinyML Seminar - Slides Sellyinll

Scientific Use of Machine

October 18-22 2021

v =

SciTinyML Seminar - Video
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Learning on Low-Power Devices


https://tinyml.seas.harvard.edu/SciTinyML/assets/slides/ResponsibleAI.pdf
https://youtu.be/DDA3lb7iVqg

To learn more ...

IESTIOT TinyML - Machine Learning for Embedding Devices (Videos: Pt)
WALC 22 — Applied Al - TinyML (Videos in Spanish)

Professional Certificate in Tiny Machine Learning (TinyML) — edX/Harvard
Introduction to Embedded Machine Learning - Coursera/Edge Impulse
Computer Vision with Embedded Machine Learning - Coursera/Edge Impulse
"Deep Learning with Python" book by Francois Chollet

"TinyML" book by Pete Warden, Daniel Situnayake

"TinyML Cookbook" by Gian Marco lodice

"Al at the Edge" book by Daniel Situnayake, Jenny Plunkett

On the TinyML4D website, You can find lots of educational materials on TinyML. They are all free
and open-source for educational uses — we ask that if you use the material, please cite them!
TinyML4D is an initiative to make TinyML education available to everyone globally.
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https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML-2022.1
https://github.com/Mjrovai/WALC_2022-Applied_AI
https://www.edx.org/professional-certificate/harvardx-tiny-machine-learning
https://www.coursera.org/learn/introduction-to-embedded-machine-learning
https://www.coursera.org/learn/computer-vision-with-embedded-machine-learning
https://www.manning.com/books/deep-learning-with-python
https://www.oreilly.com/library/view/tinyml/9781492052036/
https://www.amazon.com/TinyML-Cookbook-artificial-intelligence-ultra-low-power-ebook-dp-B09R4TKVX4/dp/B09R4TKVX4/ref=mt_other?_encoding=UTF8&me=&qid=
https://www.oreilly.com/library/view/ai-at-the/9781098120191/
https://tinyml.seas.harvard.edu/courses/

E

UNIFEI



