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e Lecture
e Mondays 5:30 to 7 PM
e G22, Seminar Hall, IDR Building

e Lab Sessions
e Batch 1: Tuesdays 5:30 to 7 PM

Course + Batch 2: Wednesdays 5:30 to 7 PM
Logistics e #205, IDR

e Course website: https://www.samy101.com/edge-ai-26/
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e Jare Suyog Machhindra
e Moin
e Priyanka Nihalchandani
e Arun Kumar
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Industrial Revolution

G et
_ USTRY 3.0

INDUSTRY 1.0

Mechanization,

water power, steam
power

1784 1870 1969

*Years are estimates

Source: Internet

INDUSTRY 5.0

INDUSTRY 4.0

Mass customization &

cyber physical human

intelligence, cognitive
systems

2010 2020


https://www.linkedin.com/pulse/evolution-industrial-revolution-arindam-nath/

What is Internet of Things (loT)?

loT is a network of physical objects that are
embedded with sensors, software, and network
connectivity, allowing them to collect, exchange,
and act on data over the internet.



loT Evolution

Technology Reach

Demand for expedited

logistics

TECHNOLOGY ROADMAP: THE INTERNET OF THINGS

Software agents and
advanced sensor
fusion

Miniaturization, power-

efficient electronics, and

available spectrum

Teleoperation and
telepresence: Ability to
monitor and control

distant objects
Ability of devices located ) Physical-World

indoors to receive Web
geolocation signals

Locating people and

everyday objects L oo 4
Cost reduction leading yeay oo Ubiquitous Positioning

to diffusion into 2nd

wave of applications Surveillance, security,
healthcare, transport,

food safety, document

management Vertical-Market Applications
RFID tags for
facilitating routing,
inventorying, and loss
prevention Supply-Chain Helpers

2000 2010 2020 Time

Source: SRI Consulting
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loT Evolution
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lIoT Architecture and Layers

Perception Layer

Transport Layer

Processing Layer

Application Layer

(Vp)
&
-
®
G
HE’
iy
ol
|_
O

Business Layer

Source: https://dgtlinfra.com/



https://dgtlinfra.com/

loT and Edge Devices

End-devices

Edge Devices

e Provide connectivity between end
devices and cloud services

e Deployed close to data sources to
enable low-latency processing

e Operate under limited compute,
memory, and energy budgets

Edge Computing

e Processes data close to where it is
generated (at the network edge),
rather than relying solely on
centralized cloud data centers

e Reduces latency and bandwidth
usage

e Enables real-time processing and
decision-making

e Improves privacy, reliability, and
energy efficiency

Source: Edge Intelligence: Paving the Last Mile of Artificial Intelligence With Edge Computing (Zhou et al. 2019)
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https://ieeexplore.ieee.org/document/8736011

The BIG picture of Edge Al

[ Artificial Processing data near the data source instead of sending

intelligence (Al) ] [ Edge computing ] it to the cloud.

l ,

Machine Iearning] [ dge A ] Executing and adapting Al models on edge devices,

(ML) enabling local intelligence without reliance on the cloud.

!

[ Embedded ML ]

l

. Ultra-low-power ML on microcontrollers with extremel
[ TinyML J g Y

Running ML models on resource-constrained
embedded systems

limited resources

Source: [3]
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Evolution of Al
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Most Intelligence will be on-device!

5 Quintillion

bytes of data produced every
day by loT

<1%

of unstructured data is
analyzed or used at all

Over 250
Billion

4 Billion

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
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Al Model Size

ML Model size has grown 10x faster than before since 2018

Parameters of milestone Machine Learning systems over time
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Source: https://epoch.ai/ and Machine Learning Model Sizes and the Parameter Gap (Villalobos et al., 2022)

Domain

¢ Vision

] Language

O Games

¥r Drawing
Other
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Al Model Size

Top-1 accuracy vs. computational
complexity on ImageNet

Source: https://github.com/CeLuigi/models-comparison.pytorch
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Cloud vs. Edge vs. Tiny Al

The Distributed Intelligence Spectrum

Ultra Low Powered
Devices and Sensors

-

TinyML

-

Source: ABI Research: TinyML

Intelligent Device

EDGE Al

Gateway

On Premise Servers

Cloud

&

CLOUD Al
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Six-level ratings of Edge Intelligence

Level 6
All on-device
Reduced amount ‘
or shorten path of
data offloading

Training
on the cloud

/

Cloud Intelligence
Training and inference on the cloud

Source: Edge Intelligence: Paving the Last Mile of Artificial Intelligence With Edge Computing (Zhou et al. 2019)
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Why Al at the Edge?

Bandwidth Latency Privacy Connectivity

1 billion+ cameras worldwide Data Redaction + Confidentiality  50% of populated world < 8mbps

) Safety-critical services _ .
10’s of petabytes per day Realtime decisions Private cloud or on-premises storage Buylk of uninhabited world no 3G+

Source: [1]
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Embedded Platforms

Himax

MCU / ASIC

HX6537-A

2MB flash

Sensors

Accelerometer, Mic,

sensor Microphone

WE-I Plus EVB 32-bit EM9D DSP A0 Ll 2MB RAM Camera et
Mic, IMU, Temp,
Arduino 32-bit 1MB flash Humidity, Gesture,
Nano 33 BLE Sense NRF52840 64 MHz 256kB RAM Pressure, Proximity, BLE
Brightness, Color
SparkFun 32-bit 1MB flash Accelerometer, Mic,
Edge 2 ArtemisV1 48 MHz 384kB RAM Camera BLE
Espressif 32-bit 4MB flash . -
Mic, C )
EYE ESP32-DOWD 240 MHz 520kB RAM ic, Camera WiFi, BLE
6-Axis IMU
Arduino Nicla Dual Arm® Cortex® 240 MHz 2MB Flash 2 MP Color Camera WiEl BLE
Vision M7/M4 480 MHz 1MB RAM Distance / Time Of Flight I,

19



Efficiency of Neural Networks

Computation

Memory

Source: [7]

Efficiency Metrics

Memory-Related
#parameters
model size

total/peak #activations

Computation-Related
MAC
FLOP, FLOPS

OP, OPS

Image source: 1
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Efficient Al

Source: [2]

models

More software

Efficient Model Representation

More hardware

Pruning and Sparsity
Knowledge Distillation
Quantization
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Efficient Al models

Make Al models run faster and efficiently on low-power hardware

Large Neural Networks Small Neural Networks

ol

' ""\‘.-ﬂ:‘-‘..-“fi?.r.‘ﬁf#'v
\.’!‘-?’::‘.' E‘ﬁ?:{*,
FEe
N/

R

Low-Power Hardware

Model Compression & TinyML

Source: [4]
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https://github.com/tinyMLx/courseware

Pruning in Neural Networks

after pruning

synapses

pruning
pruning
neurons

before pruning

| Networks (Han et

Learning both Weights and Connect
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https://arxiv.org/abs/1506.02626

Pruning in Neural Networks

[ Train Connectivity ]

<z

{}

[ Prune Connections
{ Train Weights

Accuracy Loss

—

-

Source: Learning both Weights and Connections for Efficient Neural Networks (Han et al. 2015)

© Pruning

Pruning+Finetuing

Iterative Pruning and Finetuing

0.5%

0.00/0- -——.-.-.?o—-—.'... 5

-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%

-4.5%
40%

50%

60%

70%

80%

90%

Pruning Ratio (Parameters Pruned Away)

100%
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Pruning in Neural Networks

Neural Network dielelGe
AlexNet 61 M 6.7 M 9 X 3 X
VGG-16 138 M 10.3 M 12 X 5 X
GoogleNet 7 M 2.0M 3.5 X 5 X
ResNet50 26 M 7.47 M 3.4 X 6.3 X
SqueezeNet 1M 0.38 M 3.2 X 35X

Source: Efficient Methods and Hardware for Deep Learning (Han 2017)
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https://stacks.stanford.edu/file/druid:qf934gh3708/EFFICIENT%20METHODS%20AND%20HARDWARE%20FOR%20DEEP%20LEARNING-augmented.pdf

Quantization

Quantization is an optimization that works by reducing the precision of the numbers used
to represent a model's parameters, which by default are 32-bit floating point numbers.
This results in a smaller model size, better portability and faster computation.

-5.31345

Source: [4]
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Reduce Precision (Discretize)

Count

Source: [4]

Count

Weight Value

_\

\

‘ | I I n
. >

Weight Value
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Quantization

Dynamic Static

Weight Bias Activation

What to Quantize How to Quantize

How much to quantize

——  Post-training When to quantize

16bit 8bit 4bit

Quantization-aware training

Source: [4]

2bit

Hardware-aware

Mixed-precision
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Clustering-based Weight Quantization

Accuracy vs. compression rate for AlexNet on ImageNet dataset

©O Pruning + Quantization & Pruning Only Quantization Only

0.5%
0.0%
-0.5%
QO -1.0%
O . 0
= 1,59
O -2.0%
© o
5 -2.5%
g -3.0%
-3.5%
-4.0%
-4.5% ,
2% 5% 8% 11% 14% 17% 20%

Model Size Ratio after Compression

Source: Deep Compression (Han et al., ICLR 2016)
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On-Device Training is Challenging
Memory size is too small to hold DNNs

i = BN = L
1 s M = :
g | =
o
I iy < m

'*,

LR

Cloud Al

Memory (Activation) 141GB

Storage (Weights) ~TB/PB

Source: [7]

Mobile Al

4GB

256GB

Tiny Al
320kB

1MB
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On-Device Training is Challenging
Memory size is too small to hold DNNs

Cloud Al Mobile Al
Memory (Activation) 141GB 4GB
\ 13,000x

smaller

1,000,000x
smaller

Source: [7]

Tiny Al

320kB
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On-Device Training is Challenging
Memory size is too small to hold DNNs

+ =] » I
I 2 BN = R
] S ] S :
i = W =

o
[

Cloud Al Mobile Al Tiny Al
Memory (Activation) 141GB 4GB 320kB
Storage (Weights) ~TB/PB 256GB 1MB

* We need to reduce both weights and activation to fit DNNs for On-Device Training

Source: [7]
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Federated Learning

vg

Server

Global Model |

o ol

Client Selection

Send Global Model

Local Model Training
Upload Model Parameters
Server Aggregation

Client N
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Google Al Edge

%3 Ondevice
Reduce latency. Work
offline. Keep your data
local & private.

Deploy Al across mobile, web, and embedded applications

[0 Cross-platform
Run the same model
across Android, iOS, web,
and embedded.

&%, Multi-framework
Compatible with JAX,
Keras, PyTorch, and
TensorFlow models.

Full Al edge stack
Flexible frameworks,
turnkey solutions,
hardware accelerators

Kz



Google’s LiteRT

LiteRT (short for Lite Runtime), formerly known as TensorFlow Lite, is Google's high-performance runtime for on-device
Al. You can find ready-to-run LiteRT models for a wide range of ML/Al tasks, or convert and run TensorFlow, PyTorch, and
JAX models to the TFLite format using the Al Edge conversion and optimization tools.

Key features

» Optimized for on-device machine learning: LiteRT addresses five key ODML constraints: latency (there's no round-
trip to a server), privacy (no personal data leaves the device), connectivity (internet connectivity is not required),
size (reduced model and binary size) and power consumption (efficient inference and a lack of network
connections).

o Multi-platform support: Compatible with Android and iOS devices, embedded Linux, and microcontrollers.

» Multi-framework model options: Al Edge provides tools to convert models from TensorFlow, PyTorch, and JAX
models into the FlatBuffers format ( .tflite ), enabling you to use a wide range of state-of-the-art models on
LiteRT. You also have access to model optimization tools that can handle quantization and metadata.

 Diverse language support: Includes SDKs for Java/Kotlin, Swift, Objective-C, C++, and Python.

High performance: Hardware acceleration through specialized delegates like GPU and iOS Core ML.

Source: https://ai.google.dev/edge/litert
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TensorFlow Model Optimization Toolkit

The TensorFlow Model Optimization Toolkit is a suite of tools for optimizing
ML models for deployment and execution. Among many uses, the toolkit
supports techniques used to:

» Reduce latency and inference cost for cloud and edge devices (e.g.
mobile, loT).

» Deploy models to edge devices with restrictions on processing,

memory, power-consumption, network usage, and model storage space.

» Enable execution on and optimize for existing hardware or new special
purpose accelerators.

Choose the model and optimization tool depending on your task:

Improve performance with off-the-shelf models

In many cases, pre-optimized models can improve the efficiency of your
application.

Source: https://www.tensorflow.org/model optimization

€ D
import tensorflow as tf

import tensorflow_model_optimization as tfmot
import tf_keras as keras

model = keras.Sequential([...])

pruning_schedule = tfmot.sparsity.keras.PolynomialDecay(
initial_sparsity=0.0, final_sparsity=0
begin_step=2000, end_step=4000)

model_for_pruning = tfmot.sparsity.keras.prune_low_magnitude

model, pruning_schedule=pruning_schedule)

model_for_pruning.fit(...)

36


https://www.tensorflow.org/model_optimization

TensorFlow Model Optimization Toolkit

Optimize model?

Want bigger model Convert float TFLite
size reduction? models

More efforts
required?

Post-training float16
quantization

Able to re-train the
model?

Have representative

Quantization-aware
dataset?

training

Post-training
Want higher accuracy? dynamic range
quantization

* Hardware accelerators, such as GPU or DSP, only
support a subset of our quantization schemes. Make
sure to account for your choice of accelerators as well.

Post-training Post-training
integer quantization integer quantization
with int16
activations

Source: https://ai.google.dev/edge/litert/models/model optimization
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TensorFlow Model Optimization Toolkit

Quantized models are 4x smaller and 1.4x faster!

Model

Mobilenet-v1-
1-224

Mobilenet-v2-
1-224

Inception_v3

Resnet_v2_101

Top-1
Accuracy
(Original)

0.709

0.719

0.78

0.770

Top-1
Accuracy
(Post
Training
Quantized)

0.657

0.637

0.772

0.768

Source: https://ai.google.dev/edge/litert/models/model optimization

Top-1
Accuracy
(Quantization
Aware
Training)

0.70

0.709

0.775

N/A

Latency
(Original)
(ms)

124

89

1130

3973

Latency
(Post
Training
Quantized)
(ms)

112

98

845

2868

Latency
(Quantization
Aware
Training) (ms)

64

54

543

N/A

Size
(Original)
(MB)

16.9

14

95.7

178.3

Size
(Optimized)
(MB)

4.3

3.6

23.9

449
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PyTorch Edge

ExecuTorch: A powerful on-device Al Framework

CONTRIBUTORS 219 STARS 2.6K @ DISCORD JOIN US ﬁ DOCUMENTATION

ExecuTorch is an end-to-end solution for on-device inference and training. It powers much of Meta's on-device Al
experiences across Facebook, Instagram, Meta Quest, Ray-Ban Meta Smart Glasses, WhatsApp, and more.

It supports a wide range of models including LLMs (Large Language Models), CV (Computer Vision), ASR (Automatic
Speech Recognition), and TTS (Text to Speech).

Source: https://pytorch.org/executorch-overview

[

nn.Module ]

Edge dialect ]

A4

[

ExecuTorch
Program

.....................................
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NVIDIA TensorRT Model Optimizer

Original trained Model TensorRT Optimizer

i3 - @) -

OFHRDS

Serialized Plan File

Model Optimization

TensorRT Runtime

5 -4 W
X ® @ e
Oxx — » @ ® Q)
- . X 9
Serialized Plan File @ @ ' \ °

0O

Model Runtime

Source: https://developer.nvidia.com/tensorrt https://github.com/NVIDIA/TensorRT-Model-Optimizer
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STMicroelectronics’s Edge Al Platform

.. Generate optimized
<o
ST Edge Al model zoo @ @ @ Optimize and benchmark your NN model code and project files

Bring Your Own Model ST Edae A Optimized
ge model
Developer Cloud
Graph optimizer ‘ Quantizer | Memory optimizer STM32CubeMX
O PyTOFCh 10C file
Powered by = ST Edge Al
Keras ST Edge Al Core technology ‘3’ Core
. leann > g STM32CubelDE
project
4 = @
MATLAR Online REST Benchmarking tool
platform API m Ma'fe"'tle
projec
' Neural Network model converter and
1| benchmarking for ST products
TensorFlow &) onNNx € onnx P Optimized model code
in several formats
to suit your needs

Source: https://stm32ai-cs.st.com/home
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SONY’s Model Compression Toolkit (MCT)

Synthetic Data

Generation
e N s |
Post-Training
| . . Quantization
| s Quantization Core /’ (PTQ) \
Representative Mixed precision k v
~

Dataset (Optional)

=

Floating-Point

F TensorFlow Model

l O PyTorch

Model-Compression-Toolkit

A

y

/_l\

o

/‘

Pruning Core

[

Quantization
Aware Training
(QAT)

v

1/

Graph optimization Gradient Post- !

TensorFlow Training Quantized

/ PyTorch —> Non-uniform quantization > Quantization Inference
API (GPTQ) Model

1} TPC

(Target Platform Capabilities)

Source: https://github.com/sony/model optimization
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Intel OpenVINO

Source: https://docs.openvino.ai/2025/index.html

"y PyTorch TensorFlow
Opyrorch )

%

TensorFlow Lite

&) oNnx )

3

A

2

1 Model

Industry Model Zoos

Use open source models from
industry model zoos such as
Hugging Face, TensorFlow, Keras,
PyTorch, PaddlePaddle, and
ONNXpretrained models.

Optimum* for Intel

Use OpenVINO™ toolkit as an extension
in Hugging Face* transformer models
and gain model compression and
performance benefits.

intel ceTi

Build computer vision models in a fraction of the
time and with less data.

c4

7{.}'/.)' PaddlePaddle
&

Keras

=77

=77

=\'_

S

>

2 | Optimize

Model Converter for
OpenVINO™

Convert a trained model from
supported frameworks.

@ Read, load, infer

OpenVINO format
IRData  (intermediate

representation file,

pb, tite, .onnx)

Direct Model Conversion
for TensorFlow* and
PyTorch*

An option to skip steps to get to
deployment faster.

KV

Model Compression
with NNCF

Neural Network Compression
Framework (NNCF) provides
quantization aware-training, model
pruning, and sparsity along with
posttraining optimization.

Jupyter* Notebook

Get sample code on the latest
models to help get your application
into production faster.

&2

fo3
97 OpenVINO Model
e & @ Server
Serve models over gRPC, REST,
or C APl endpoints.

OpenVINO Runtime

Common Python*, C, and C++ APIs that abstract
low-level programming for each of the
following devices.

CORE g ATOM

intel intel.
ARC [IZSS

GRAPHICS .

GRAPHICS

intel

DATA CENTER

&
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Intel OpenVINO

Neural Network Compression Framework (NNCF)

Key Features « Installation « Documentation « Usage » Tutorials and Samples « Third-party integration « Model Zoo

release |v2.15.0 license |Apache 2.0 | downloads 3M
python 3.9+ J backends |openvino | pytorch | onnx | tensorflow | OS Linux | Windows | MacOS

Neural Network Compression Framework (NNCF) provides a suite of post-training and training-time algorithms for

optimizing inference of neural networks in OpenVINO™ with a minimal accuracy drop.

NNCF is designed to work with models from PyTorch, TorchFX, TensorFlow, ONNX and OpenVINO™.

NNCF provides samples that demonstrate the usage of compression algorithms for different use cases and models.
See compression results achievable with the NNCF-powered samples on the NNCF Model Zoo page.

The framework is organized as a Python* package that can be built and used in a standalone mode. The framework
architecture is unified to make it easy to add different compression algorithms for both PyTorch and TensorFlow deep

learning frameworks.

Source: https://github.com/openvinotoolkit/nncf
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Edge Al applications

% ||§ i:\ — Al
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Smart Cities Industrial Robotics Autonomous Vehicles Warehouse Robots

n =~ _n ? j

A
Y @O %6

Drones Robotic Cleaners  Augmented Reality Smart Agriculture



SMART CITY
>, on O

Traffic Management e Air Pollution Open Data

Education @
@ O Electromagnetic
Internet of Things e @ Smart Environment Emissions
Smart Health = .

Intelligent Shopping
; W
Smart Home

|:[¢ r]:,} Smart Buildings

Public Safety

Gas & Water
Leak Detection

W
Smart Energy G @ Electric Vehicle Charging 6

Water Quality Smart Parking Waste Management

Smart Street Lights

Source: Internet
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Detecting Real-Time Waste Contamination Using Edge
Computing and Video Analytics

NVIDIA Edge Computer Analog to Digital Video
Converter

Analog Camera Pointing
at Garbage

Connector Cable from
Edge Computer to

Truck Dashboard Monitor with
Contamination Detection

Source: https://developer.nvidia.com/blog/detecting-real-time-waste-contamination-using-edge-computing-and-video-analytics/
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Source: https://www.theguardian.com/
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Wearable Al

Smart Glasses

Srey
’ ' ~ \ J riciai ]
Smart Bracelet @ B Smart Watch
J ==

/ \
‘ Smart Shirt
!
\
[ |
.

-

Smart Finger :

|
Smart Ring a
/

Smart Belt SRGem
L]

\

Smart Pants n
' 4
\ =
N
Smart Socks z & Smart Shoes
 —— -

SGPS/GPRS
Body Control

Bluetooth
Key Tracker

Source: Internet

. 10:09
0 \

31:07.94

16.1 MPH
10285
136
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Healthcare Al

Abnormal auscultation
ﬁ sounds detected

StethoMe® Al detects abnormal sounds in RS ) 7
the respiratory system!!!

Rhonchi (0-100) T 40
Other parameters i

4~ Heart rate 7106 bpm
(). Respiratory rate T 43/min.
i/ Inhalation to exhalation ratio 1/3

Additional information

= ; P,
= Breathing quality: Awful

[E] Ssymptoms:
Night coughing
reeete
é’ Mediciations applied: -~

2x reliever 200 pg,

A Hide details A

Source: https://www.stethome.com/
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EleTect —= epce MpuLsE

.....

and /10TCONNECT based Smart
Wildlife Tracker Technology

Source: https://www.hackster.io/dhruvsheth /eletect-tinyml-and-iot-based-smart-wildlife-tracker-cO3e5a
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Smart Farming

/-—Local Image Pmcassing\

.
2

TPl

- || ™

A
-

o
— Edge Al Module :
Image Collection via Provide
Drones/Cameras Recommendations Manual Farmer Decisions
Detect Anomalies: Pests, \
\ Diseases -
Local Al Processing Uni - iy v

pmmomua Crop Trealrnem—/

Source: https://www.xenonstack.com/blog/edge-ai-agriculture
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Al Camera

. 0
Crowd o Edge-analytics powered
P[ﬁf detection Eﬂ I No dependence

on server

Loiter
detection fs:c?sg
/'\q On-premise solution
Qe ———=] Noneed to pull live video
0 A =]  over poor network

Trespassing .

Multiple user
detection b

Source: https://www.honeywellbuildings.in
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Edge Al Based Object &
Face Detection Cameras
VM-/2B5AIVE

VMukti’s smart product family, 4k products are
equipped with Edge Al features such as Facial
Recognition, Object Detection, Intrusion Detection
and more. VMukti FHD, H.265+ PTZ Dome & Bullet
Camera delivers up to FHD resolution (2592x1944,
effectively four times that of Full HD) at 30 frames per
second (fps), providing users with ultra-high-definition
video viewing experience.


https://www.vmukti.com/products/object-detection-camera/

Source: https://ww’p.com/ and https://www.intel.com/

What is an Al PC?

Al PCs use artificial intelligence te

to elevate productivity, creativity, gan
entertainment, security, and more. They hatss
a CPU, GPU, and NPU to handle Al tasks
locally and more efficiently.

-Intel



https://www.scmp.com/
https://www.intel.com/

What is an Al PC?

An "Al-PC" is a PC with new NPU silicon that
brings new Al experiences in productivity,

creativity, and security through a combination
of the CPU, GPU, and the new NPU.

Comes with
Microsoft Copilot’

Comes with CPU, GPU, and
NPU powered silicon

L : Copilot key
: on keyboard?

Source: https://robquickenden.blog/2024/03/what-is-an-ai-pc/
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THE 2025
EDGE Al
TECHNOLOGY

REPORT

The guide to understanding the current state
of the art in hardware & software for Edge Al.

EDGE-CLOUD CONTINUUM

g

G Edge Classical : Fog Classical Cloud Quantum

;8B

Fog Classical ;| B Cl_c_rud Classical

End-To-End Hybrid g
i A:plirc‘atio‘; E
= g
Deployment @ g‘

Target SLOs End-To-End Managed

VISION /

A Distributed Classical-Quantum Hybrid Platform
(Image Credit: A. Furutanpey et al)ix

=}

Deployment

& CURRENT
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Source: https://www.edgeaifoundation.org/edgeai-content/the-2025-edge-ai-technology-report
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The Edge Al Market is expected to reach USD 143.6

Billion by 2032

Source: https://market.us/

Global Edge Al Market
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59


https://market.us/

% E DG EAI LEARN EVENTS LIVESTREAMS PARTNERS ABOUT ( JOIN US 1
= FOUNDATION

EDGE Al SAN DIEGO 2026 REGISTRATION NOW OPEN!

3 {#\ .
From tinyML

to the Edge of Al

CONNECTING Al TO THE REAL WORLD

WATCH VIDEO



https://www.edgeaifoundation.org/

Home The Alliance v Resources v The Summit v Members ~ News + Registration

If you're building Al or vision-enabled products, you’ve come to the right place.

(‘

| 2026 Submit an entry today!
EDGE Al AND V|SIUN 2026 Edge Al and Vision Product of the Year Awards Smeli:oi\r;!entry

Honoring innovation and achievement in edge Al and computer vision building-block technologies

PRODUCToreYEAR

The Latest Featured Resources

When DRAM Becomes the Bottleneck Algorithms & Models + Articles + Multimodal + Object Identification + Object Tracking
(Again): What the 2026 Memory Squeeze
Means for Edge Al

Read More +

What is a Red Light Camera?

A Qui tection

What is a Red Light Camera? A Quick
Guide to Vision-Based Traffic Violation

Detection

Source: https://www.edge-ai-vision.com 61
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e Foundations of loT, Accelerated Edge Computing, and Edge Al
e Al/ML and Computer Vision Fundamentals

e Tiny and Embedded Machine Learning

e Edge Al Hardware and Accelerators

cQurse TOpiCS e Edge Al Software Frameworks and Deployment Pipeline

What will you learn in this e Model Compression and Optimization (Pruning, Quantization,
course? Distillation)

e Federated and Distributed Learning for Edge Devices

e Generative and Agentic Al on Edge

e Sustainable and Energy-Efficient Al

e Case Studies in Smart Cities, Agriculture, and Healthcare

e Software and Libraries: Micro Python, OpenMV, TensorFlow Lite
and LiteRT, PyTorch and ExecuTorch, and ONNX




Books and reference materials

Machine Learning
Systems

Vijay
Janapa Reddi

OREILLY"

Al at the Edge

Solving Real-World Problems with
Embedded Machine Learning

Daniel Situnayake

& Jenny Plunkett
Foreword by Pete Warden

OREILLY"

TinyML

Machine Learning with TensorFlow Lite on
Arduino and Ultra-Low Power Microcontrollers

Pete Warden &
Daniel Situnayake

Plus, hands-on tutorials and research papers

Dlz’xg Dee

: Learmngp

N s \,E-‘oé'\‘v\_ e

Aston'Zhang, Zachary C. Lipton,
Mu Li, anD Alexander J. Smola




Grading

e Five programming assignments (5 X 10%): 50%
e End-to-end human activity recognition system (e.g., fitness tracker) using a smart wearable kit
e Al model compression using post-training quantization and quantization-aware training
e Model pruning and sparsity techniques for efficient edge inference
e End-to-end embedded computer vision system prototype
e Federated learning algorithm implementation on edge devices and accelerators

e Course project: 30%

e Final examination: 20%

Prerequisites:

e Proficiency in Python and C programming

e Optional: Basics of Al/ML, programming microcontrollers and embedded systems, and loT
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Hardware Platforms

Arduino Tiny Machine Learning Kit

Source: https://store.arduino.cc/products/arduino-tiny-machine-learning-kit

Arduino Nano
33 BLE Sense | ARDUINO

0OV7675 m

Camera

Arduino Tiny
Machine Learning
Shield

USB A to Micro
USB Cable

~| @] 2] B
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Hardware Platforms

Arduino Nicla Vision

Source: https://docs.arduino.cc/hardware/nicla-vision/

Microcontroller

*STM32H747Al16 Dual Arm® Cortex® M7/M4
IC:1x Arm® Cortex® M7 core up to 480 MHz
*1x Arm® Cortex® M4 core up to 240 MHz

Sensors

*2 MP Color Camera

*6-Axis IMU (LSM6DSOX)

*Distance / Time Of Flight sensor (VL53L1CBVOFY/1)
*Microphone (MP34DTO05)

Power

*3.7V Li-po battery with Integrated battery charger and
fuel gauge (MAX17262REWL)

Memory

2MB Flash / 1MB RAM
16MB QSPI Flash for storage

Connectivity

Wi-Fi / Bluetooth® Low Energy 4.2
(Murata 1DX - LBEE5KL1DX-883)
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Smart Wearable Kit using Nicla Vision
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Hardware Platforms

Arduino Nicla Voice

Source: https://docs.arduino.cc/hardware/nicla-voice/

Microprocessor

*Syntiant® NDP120 Neural Decision Processor™
(NDP):1x Syntiant Core 2™ ultra-low-power deep
neural network inference engine

*1x HiFi 3 Audio DSP

*1x Arm® Cortex® MO core up to 48 MHz

Microcontroller

*Nordic Semiconductor nRF52832:64 MHz Arm®
Cortex M4

Sensors

*High performance microphone (IM69D130)
*6-Axis IMU (BMI270)
*3-axis magnetometer (BMM150)

Memory

*512KB Flash / 64KB SRAM
*16MB SPI Flash for storage
*48KB SRAM dedicated for NDP120

Power

*3.7V Li-po battery with Integrated battery charger

and fuel gauge (BQ25120AYFPR)

Connectivity

*Bluetooth® Low Energy (ANNA-B112)
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Hardware Resources Available

Arduino Nicla Sense ME

Source: https://docs.arduino.cc/hardware/nicla-sense-me/

Microcontroller

64 MHz Arm® Cortex M4 (nRF52832)

Sensors

BHI260AP - Self-learning Al smart sensor with
integrated accelerometer and gyroscope
BMP390 - Digital pressure sensor, BMM150 -
Geomagnetic sensor, BME688 - Digital low
power gas, pressure, temperature & humidity
sensor with Al

Connectivity

Bluetooth® 4.2

Power Micro USB (USB-B), Pin Header, 3.7V Li-po
battery with Integrated battery charger
Memory 512KB Flash / 64KB RAM, 2MB SPI Flash for

storage, 2MB QSPI dedicated for BHI260AP
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Hardware Resources Available

WIO Terminal

Source: https://www.seeedstudio.com/Wio-Terminal-p-4509.html

Main Chip Core Processor ARM® Cortex®-M4F running at 120MHz

Memory 4 MB External Flash, 192 KB RAM
Maximum Speed 200MHz
External Flash 4MBytes
Resolution 320x240

LCD Screen Display Size 2.4inch
Drive IC ILI9341

Wireless Wi-Fi 802.11 a/b/g/n 1x1, Dual Band 2.4GHz & 5GHz
Bluetooth Support BLE5.0

Built-in Modules

Accelerometer

LIS3DHTR

Microphone 1.0V-10V -42dB
Speaker >78dB @10cm 4000Hz
Light Sensor 400-1050nm

Infrared Emitter 940nm

MicroSD Card Slot

Maximum 16GB

Interface GPIO 40-PIN (Raspberry Pi Compatible)
Supported Protocol SPI, 12C, 12S, ADC, DAC, PWM, UART(Serial)

Operation 5-Way Switch

Interface Power/Reset Switch
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Hardware Resources Available

Raspberry Pi Pico W

UARTOTX § I2COSDA § SPIORX § GPD b
X § I2COSCL § SPIOCSn § GP1__ gF]

[ GND__ K]

4

| 12C1SCL § SPIOTX §  GP3 B

12C0 SDA § SPIORX RN GP4 HK}
[ UART1 RX§ 12C0 SCL § SPIOCSn § = GPS_ R¥)
[ cno IO

SPIDSCK §  GP6 K]

| 12C1SCL § SPIOTX § GP7 Qi

| UART1 TX § 12C0 SDA § SPI1RX §  GP8 gl
| UART1 RX § 12C0 SCL § SPI1CSn §  GP9 iF]
|__GND QK

| 12C1 SDA § SPI1SCK §GP10_ Qi

| 12C1SCL § SPI1TX §GP11_JH

| UARTOTX § 12C0 SDA § SPITRX J GP12 il
| UARTORX § 12C0 SCL § SPI1CSn § GP13_ giF)
| __GND__ R

SPI1SCK §  GP14 B[]

| 12C1SCL § SPI1TX § GP15_Fll

MS
OlaMms

RP2040

« ERTTE
» ERSEN
£l GND |

Power

Ground

UART / UART (default)
GPIO, PIO, and PWM
ADC

SPI / SPI (default)
12/ 12C (default)

IR 3va(ouT)

aa
32_ 12C1 SCL

B
ETEEEENEEN

Debugging

3 12C1 SDA
30
29

Infineon 43439

2 NG
o7 I

FLy  GP20 | [ 12C0 SDA |
FIE  GP19 § SPIOTX
FTR O GP18 ] SPI0 SCK | 1261 SDA
2 T
Fx8 GP17§ SPI0CSn
il GP16_§ SPIOAX J 12C0 SDA § UARTOTX |

Source: https://www.raspberrypi.com/documentation/microcontrollers/pico-series.html

Dual-core Arm Cortex MO+ processor,
flexible clock running up to 133 MHz
264kB of SRAM, and 2MB of on-board flash
memory

Wireless (802.11n), single-band (2.4 GHz)
Bluetooth 5.2

Ideal board for connecting external
sensors!
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Edge Al PC

e Raspberry Pi 5 Model 8GB RAM
e NPU: Hailo-8 NPU - Al HAT+ 26 TOPS
e Pl Touch Display 2

e Camera Module 3
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Hardware Platforms

e reComputer J1010 Edge Al Device with Jetson Nano
e JetBot Al Kit

Powered by the quad-core ARM® Cortex®-A57 MPCore processor.

128-core NVIDIA Maxwell™ GPU with 128 NVIDIA CUDA®@ cores delivers 0.5 TFLOPs (FP16).

RTC Connector

M.2E Connector

Module: JetSon Nano

USB Type: C power Connector

Rich peripherals including Gigabit Ethernet port, USB 3.0 and USB 2.0 Type-A ports, HDMI port.
Pre-installed NVIDIA official JetPack software, ready for cloud native application.

N O R WN =

Source: https://robu.in/product/diy-nvidia-jetsonnano-development-learning-kit-jetbot/
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Similar Courses

e edX tinyML Specialization (Harvard University) [Link]

e CS249r: Tiny Machine Learning (Harvard University) [Link]

o ESE 3600: Tiny ML (University of Pennsylvania) [Link]

e TinyML and Efficient Deep Learning Computing (MIT) [Link]

o Embedded Deep Learning & TinyML (Carnegie Mellon University) [Link]
e |oT and Tiny Machine Learning (Marquette University) [Link]

e Machine Learning for Embedding Devices (UNIFEI, Brazil)[Link]

e Introduction to Embedded Machine Learning (Edge Impulse) [Link]

o Computer Vision with Embedded Machine Learning (Edge Impulse) [Link]
e Edge Al and Robotics (NVIDIA) [Link]

e Al on the Edge with Computer Vision (Intel) [Link]

e Machine Learning at the Edge on Arm: A Practical Introduction (Arm)[Link]
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Readings

INVITED
PAPER

Edge Intelligence: Paving
the Last Mile of Artificial
Intelligence With Edge
Computing

This article conducts a comprehensive survey of the research efforts on edge intelligence.
It provides an overview of the architectures, frameworks, and emerging key technologies
for deep learning model toward training and inference at the network edge.

By ZH1 ZHOU™, XU CHEN", EN LI, LIEKANG ZENG, KE LUO™, AND JUNSHAN ZHANG ', Fellow IEEE

https://ieeexplore.ieee.org/document/8736011
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