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Marcelo Rovai is an educator and professional in the field of

engineering and technology, holding the title of Professor Honoris
Causa from the Federal University of Itajuba, Brazil. His
educational background includes an Engineering degree from
UNIFEI and an advanced specialization from the Polytechnic
School of S3o Paulo University (POLI/USP). Further enhancing his
expertise, he earned an MBA from IBMEC (INSPER) and a Master’s
in Data Science from the Universidad del Desarrollo (UDD) in
Chile.

With a career spanning several high-profile technology
companies such as AVIBRAS Airspace, AT&T, NCR, and |GT, where
he served as Vice President for Latin America, he brings a wealth
of industry experience to his academic endeavors. He is a prolific
writer on electronics-related topics and shares his knowledge
through open platforms like Hackster.io.
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In addition to his professional pursuits, he is dedicated to educational outreach, serving as a volunteer professor
at the IESTI (UNIFEI) and engaging with the TinyML4D group and the EDGE AIP —the Academia-Industry Partnership of
EDGEA! Foundation as a Co-Chair, promoting EdgeAl education in developing countries. His work underscores a

commitment to leveraging technology for societal advancement.
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This analysis is part of the CEO Insights series

L 10T ANALYTICS

What CEOs talked about in Q2 2024 (vs. Q1 2024)
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What is Al?

Artificial
Intelligence (Al) is
the simulation of
human intelligence
in machines that
can perform tasks
like learning,
reasoning, and
problem-solving.

Recommendation

Personal
Assistants

LLMs
(Chat Bots)



Teaching computers how to learn a task directly from raw data
B e

Machine Learning

ML: Ability to learn without explicitly

Deep Learning
being programed

DL: Extract patterns from data using
neural networks




(Deep) Machine Learning

Deep Learning: Subset of Machine Learning in which
multilayered neural networks learn from vast amounts of data
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Traditional Computation

X ‘PE f(a, b) }

Machine Learning
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Traditional Computation
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Perceptron (P

y <ax b
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Machine Learning

X f(?, ?) > Y

v=ax+b

X=0->y=1

X=1->y=3

X=2->y=5
a=0;b=0 ->error D1
a=0;b=1 ->errorD2
a=1b=2 ->errorD3
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The red line is the regression line, the green dots are the observed data

value, and d1,d2,d3,....are the error values (y actual — y pred).
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< Neural Network Architectures

Text Image Large Language
Classification Generation Generation  Models- LLMs
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LLMSs (Large Language Models)
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The
Evolution of

evolved from symbolic systems to deep
learning:

: Dartmouth Conference defined Al.

: Expert Systems

: Statistical learning approaches
emerged.

: Deep learning Neural Networks
revolution with AlexNet.

. Large-scale systems like GPT-4
dominate.



Deep Learning and Al: Why now?

Neural networks date back decades, so why do they dominate?
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MLSys &
MLSysEng

MIL systems (IVILSys) integrate data,
algorithms (SW), and computing
infrastructure (HW) to transform theory
into impactful real-world solutions.

Machine Learning Systems Engineering
(MLSysEng) bridges the gap between
Electrical Engineering’s hardware
expertise and Computer Science’s focus
on algorithms and software.
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The illustration depicts
the analogy between
astronauts (algorithm
developers) exploring
new frontiers and rocket
scientists (ML systems
engineers) ensuring their
success through robust

systems
(Created by DALL-E)




Why
Machine
Learning

Systems
Matter

: smart alarms,
navigation apps, personalized playlists,
and more.

Beyond convenience,

: healthcare,
weather prediction, autonomous
vehicles, and scientific discoveries.



Machine
Learning

CloudML: is essential for tasks requiring
massive computational power or
large-scale data analysis.

EdgeML (or EdgeAl) is the processing of
Artificial Intelligence algorithms on
edge, that is, on users’ devices.

TinyML is where sensors are generating
data with ultra-low power consumption
(batteries) ("always on devices")
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Machine Learning (ML)

CloudML
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Machine Learning (ML)

CloudML

Bare Metal

Enterprise-grade Linux

Embedded Linux

23



Power
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Power
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microNPU

Grove Vision Al v2
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Classification: 6 ms
167 FPS

Classification: 142 ms (Classification: 86 ms

1.5 FPS | 7.0 FPS | 11.6 EPS

. Grove Vision Al V2

“am ESP - CAM XIAO ESP32S3 Nicla-Vision § Portenta H7 y
84 Xtensa LX6 & Xtensa LX7 ARM M7 ARM M7 p e
® 240 MHz 240 MHz 480 MHz 480 MHz
450mW 590mW 350mW
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Object Detection Benchmark on Raspberry Pi and Nvidia Jetson Orin NX with YOLOv8s

FPS
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Data Engineering: Foundation of the
system.

Vodel Training: Learning from data.

The Five T | y
. Model Deployment: Applying traine

P|”ar5 Of models in real-world settings.

M LSVSEng Operation & Maintenance: Ensuring

long-term reliability.

Fthics & Governance: Responsible and
fair Al use.
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Real-World
Applications

Agriculture

Healthcare

Industry

Environment

30



Agriculture

Real-World
Applications



aedes_aegypti sample - Frequency Components

75‘0 1060 12‘50 15b0 17%0 20‘00
frequency [Hz]

aedes_aegypti sample - Spectogram

https://www.edgeimpulse.com/blog/the-world-is-all-abuzz-about-tinyml 32
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Coffee Disease Classification

Joao Vitor Yukio Bordin
Yamashita
Engenheiro - UNIFEI

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
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https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
http://www.youtube.com/watch?v=ijzxXCdCid0

Air Temperature and
Relative humidity

samplefreq = 10s

Local

José Anderson Reis
Database O e :

Unifei Master's Student
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https://github.com/gustavopablocastro/ESP32_LSTM_Phenolic_Sponge_Moisture
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https://github.com/juanabedala/DeteccionDeHormigas

Healthcare

Real-World
Applications



AD8232 - Single Lead Heart Rate Monitor

Atrial Fibrillation Detection on ECG using TinyML

Silva et al. UNIFE| 2021
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https://github.com/Gui7621/TFG-AFIB_and_SR_detection_using_ML_in_embedded_systems
https://youtu.be/y5gMA3tBZmY
http://www.youtube.com/watch?v=-tGC0vNDAvQ

Surface electromyography

@ @ @ @it @

Mateus F. Delangélica e
Renato M. Neto, UNIFEI
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Personal Trainer
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Ricardo Magno C. Junior
Luiz Fernando Kikuchi
UNIFEI




Bionic Hand Voice Commands

/_ —- EDGE IMPULSE

VIDEO

ARDUINO

https://www.hackster.io/ex-machina/bionic-hand-voice-commands-module-w-edge-impulse-arduino-aa97e3
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https://www.hackster.io/ex-machina/bionic-hand-voice-commands-module-w-edge-impulse-arduino-aa97e3
https://youtu.be/NzxCZh8b4To

Real-World

Applications | Industry



Keystroke Sound Detection

INSTITUTO
FEDERAL

Sao Paulo

Renam Castro
Professor IFESP

Tecla
pressionada

; Classificacao —
sinal features

@ Aquisicao de | | Extracao de
©,

@ IESTIO1 2021.2 — Final Group Project Key Stroke Detection
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https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML-2021.2/blob/main/00_Curse_Folder/Group%20Project/final_reports/1-TinyML%20aplicado%20ao%20reconhecimento%20de%20teclas%20a%20partir%20do%20sinal%20sonoro%20produzido%20pelo%20pressionamento%20em%20teclado%20f%C3%ADsico.pdf
http://www.youtube.com/watch?v=KJ06xCGkoV4

Industrial = Anomaly Detection

INSTITUTO
FEDERAL

Sao Paulo

IESTIO1 2021.2 - Final Group Project: Bearing Failure Detection
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https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML-2021.2/blob/main/00_Curse_Folder/Group%20Project/final_reports/3-Sistema%20de%20identificac%CC%A7a%CC%83o%20de%20falhas%20em%20rolamentos.pdf

Real-World
Applications



Measure rainfall using sound detection
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Challenges in
MLSysEng

Managing messy and large-scale data.

Addressing 'data drift" in changing
environments.

Ensuring real-world reliability and
fairness.

Balancing transparency, privacy, and
operational scalability.

47



: Automating ML workflows for
accessibility.

: Building trust through

interpretability.
Trends and

Opportunities : Developing energy-aware

computing systems.

: Lowering barriers to Al
adoption.



Learning

Hands-On
with Labs

are used to teach
MLSysEng concepts practically.

Leveraging small, low-power devices
such as Nicla Vision,
XIAO ESP32S3, and Pi.

Focuses on integrating hardware and
software for



Why

and

are a
Game-Chang
er for
Learning

Simplifies complex

Enables
full workflows.

Demonstrates scalability and
deployment on

concepts

with



Closing
Thoughts

integrates diverse skills
and tools to turn Al algorithms into
impactful real-world solutions.

make learning
accessible and engaging.

Resources like

provide comprehensive insights and
hands-on tools to explore this
transformative field.



https://mlsysbook.ai/
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ABSTRACT
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Data Pre-Processing
The raw data type captured by the accelerometer is a “time series” and should be converted to “tabular
data”. We can do this conversion using a sliding window over the sample data. For example, in the below

figure,

Sliding Window: 200 ms

NJW

.2 second window

IO
"\

Y \ g S W M)
15
20
20M0 np o 5200 we o Liv) 90
0« @~ @~
Manua! Feature
Extraction
Features Classes
100 Raw Features RMS .
+  Lift
SKEW NN A
+  Raw Data from sensor KURT N + Terrestrial
ﬁ\na!ysrﬁ FFT Classifier = Maritime
PSD = e

We can see 10 seconds of accelerometer data captured with a sample rate (SR) of 50Hz. A 2-second
window will capture 300 data points (3 axis x 2 seconds x 50 samples). We will slide this window each
200ms, creating a larger dataset where each instance has 300 raw features.

You should use the best SR for your case, considering Nyquist's theorem, which states that a
periodic signal must be sampled at more than twice the signal’s highest frequency component,

Data preprocessing is a challenging area for embedded machine learning. Still, Edge Impulse helps
overcome this with its digital signal processing (DSP) preprocessing step and, mare specifically, the
Spectral Features.

On the Studio, this dataset will be the input of a Spectral Analysis block, which is excellent for analyzing
repetitive motion, such as data from accelerometers. This block will perform a DSP (Digital Signal
Processing), extracting features such as “FFT" or "Wavelets". In the most common case, FFT, the Time
Domain Statistical features per axis/channel are:

" Socra

(9

* O @

@ Which theorem helps determiﬁ

an appropriate sample rate for
periodic signals?

@® AT Nyquist’s theorem
Correct

Nyquist’s theorem dictates that a
periodic signal should be sampled at
more than twice the signal's highest
frequency component, which aids in
selecting a suitable sample rate.

O A2: Shannon's theorem

Shannon'’s theorem is related to sampling,
but does not offer a concrete numerical
relationship between sample rate and the
maximum frequency.

A3: Whittaker-Kotel'nikov-Shannon
theorem
This theorem uses a simllar assertion to
Nyquist but often concerns itself
additionally with optimal signal
reconstruction.

Q3: Considering the Spectral Analysis
block in Edge Impulse, why is it
proper to analyze repetitive motion,
such as accelerometer data?

Al: Because repetitive motion generally
@ contains obvious spectral patterns in the

frequency domain
r-{ Correct } )

&Add Contoxt /

type '@' to reference a section...

Information provided here may not alwaye be accurate. Provide

feedback
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Generative Al

Generative Al is an artificial intelligence system capable of
creating new, original content across various mediums such as

. These systems learn patterns
from existing data and use that knowledge to generate novel
outputs that didn't previously exist.

When used for generative tasks, Large Language Models
, Small Language Models , and Visual-Language
Models can all be considered types of GenAl.
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LLM / SLM

Large Language Model / Small Language Models



Recap: Models Beyond DNN and CNN
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Machado de Assis Bot with RNN - GRU

The robot writer model is a Recurrent Neural network
(RNN/GRU). The model, with 4M parameters, was
trained with a 150-characters sequence from seven of
his books: Memorias Posthumas de Braz Cubas, Dom
Casmurro, Quincas Borba, Papeis Avulsos, A Mdo e a
Luva, Esau e Jacob, and Memorial de Ayres.

Model: "sequential"

Layer (type) Output Shape Param #
embedding (Embedding) (1, 150, 256) 29,952
gru (GRU) (1, 150, 1024) 3,938,304
dense (Dense) (1, 150, 117) 119,925

Total params: 4,088,181 (15.60 MB)
Trainable params: 4,088,181 (15.60 MB)
Non-trainable params: @ (0.00 B)



https://github.com/Mjrovai/MachadoAssisBot

A LUVA DE CASMURRO Il

A missa do coupé e um presente e o governo devia cazar logo no papel, a morte
do autor, e todos os seus considerados de alegria. Era um espirito de vinte e
cinco annos, e eu ndo estou alguns passos no cerebro, como de outra cousa.
Deus me disse:

--Ndo digo que ndo. Se eu tivesse a inten¢cdo de um probosito. Palha acudiu a
mulher, nGo havia nada. A noite vinha tambem para o seminario, tinha o
aspecto do partido recto e de restaurar a minha mée e do pae, pela primeira
vez, a menor destinada a dispensar o chapéo, esperou que ndo vinhas com as
suas mados de creancas. A manha della chegasse a baroneza e a maneira desta
divida. Parece que é casada.

--Estd bom, perdoa-lhe de todos os lados, a vida de que o comprar para o meu quarto de hora, e contavam com
o fim de a anterior, e, a parede pouco tempo a alma de pessoas que definitivamente lhe interessam a menos
para mim. De quando em quando, esses dous annos de conversagéo para o fim de deixar nenhuma pessoa que
se dispersasse; mas ndo falo de uma cousa nem lhe pedia com a mdo tremula, como se ella quizesse. Eu,
apertando-lhe a méo, alids o principio do governo, a proposito disso, com a desattenc¢do de Estevdo, e eu
comecou a aborrecel-o, e a soliddo podia ser melhor, e a sympathia colloca da made, e ndo se sabe calar o
enterro no meio do lagem, o que iam-se apanhados no chéo, e para a mulher, néo tendo visto, nem a mesma
cousa.
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— Large /Small Language Model

Output
Probabilities

Large Language Models (LLMs) and SLMs are
advanced neural networks based on the
that excel in | -i_

. . _FOfward 7 7 Nx
understanding and generating human | e -%
language. They represent a significant E==al==d
evolution from earlier sequence-based mode 203332'®|<at L acl=s
ike , which surpass them in handling o i

Inputs Outputs
(shifted right)

ong-range dependencies and parallel
orocessing efficiency.

The lllustrated Transformer
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https://www.200ok.ai/blog/slm-vs-llm-understanding-the-differences-in-language-modeling/
http://jalammar.github.io/illustrated-transformer/

LLM/SLM — Large /Small Language Model

Probability distribution Sampled

over next word

Initial text Initial text next word

Language Sampling
The cat sat on the [ o J—» II I' [ ity /mat

'/ Language Sampling
The cat sat on the mat —"[ modet ]—> |I|I| —>[ strategy thlch
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Text

Standardized text

Tokens

Token indices

Vector
encoding
of indices

The cat sat on the mat.

\

Standardization

the cat sat on the mat

A 4

Tokenization

"the", "cat", "sat",

"on", lltheﬂ’ "matll

Indexing
\4
3,26, 65, 9, 3, 133
One-hot encoding

v or embeddin
0 0 0 0 0 1
0 0 1 1 0 0
0 0 0 0 0 0
1 0 0 1 1 0
0 1 1 ) 0 0
1] 0 0 0 ] 1

Output

‘om | Probabilities
Concatenate
o e sk | Softmax )
Aner:ijon i Attention f
L % ) La & % ) _Linear ]
v / 4 | »._\\\ | 3 - 4 N
(e ] (oo | (o] | | (s ] (Tooma ] | o) (Add & Norm J<=
Query Key Value Query key Value Feed
T 1 Forward
Query Key Value ﬂ;
7 i R | Add & Norm Je=
—Add &'Norm J Multi-Head
Feed Attention
Forward 7 h Nx
A [ ‘ ]ﬁ;
Add & Norm
Nx T
~>| Add & Norm | asiod
Multi-Head Multi-Head
Attention Attention
o J \_ ),
Positional Positional
Encodi P 2 '
ncoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)
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— Large /Small Language Model

InSIde an

How large language models work
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https://youtu.be/wjZofJX0v4M?si=l_pkUPFf7Yk0AJe5

®0e n Transformer Explainer: LLM X

<« -2 C M 23 https://poloclub.github.io/transformer-explainer/
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https://poloclub.github.io/transformer-explainer/

Transformers to LLMs and SLMs
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Running Large Language

THIS IS EASY, o
AN = ’ Models on Raspberry Pi at
N a the Edge

Machine Learning Systems

with TinyML

Written, edited and curated by
Prof. Vigay Janapa Reddi
Harvard University

Wish seviol thursiy £ the covemunity fov Sheir contribations and appors
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https://harvard-edge.github.io/cs249r_book_dev/contents/labs/raspi/llm/llm.html
https://harvard-edge.github.io/cs249r_book_dev/contents/labs/raspi/llm/llm.html
https://harvard-edge.github.io/cs249r_book_dev/contents/labs/raspi/llm/llm.html

e

{.g.’:

| Ollama

X

23 https://ollama.com

+

.@.

Get up and running with large
language models.

Run Llama 3.2, Phi 3, Mistral Gemma 2, and

other models. Customize and create your own.

Download 1

Available for macOS, Linux,
and Windows

Q

b

o @
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marcelo_rovai — mjrovai@raspi-5: ~ — ssh mjrovai@192.168.4.209 — 80x21

mjrovai@raspi-5: python3 -m venv ~/ollama

mjrovai@raspi-5: source ~/ollama/bin/activate

(ollama) mjrovai@raspi-5: curl -fsSL https://ollama.com/install.sh | sh

>>> Installing ollama to /usr/local

>>> Downloading Linux armé64 bundle
i e AV L VIRV R T
HAYHBH AN RYHHHHAH R YA HHRB R R AHRB ARG R RHRRRRA U RS RRA N AR R AR AR RA A AR HAH 100.0%
>>> Creating ollama user...

>>> Adding ollama user to render group...

>>> Adding ollama user to video group...

>>> Adding current user to ollama group...

>>> Creating ollama systemd service...

>>> Enabling and starting ollama service...

Created symlink /etc/systemd/system/default.target.wants/ollama.service = /etc/s
ystemd/syvstem/ollama.service.

>>> [The Ollama API is now available at 127.0.0.1:11434.

>>> Install complete. Run "ollama”™ from the command Line.

WARNING: No NVIDIA/AMD GPU detected. Ollama will run in CPU-only mode.
(ollama) mjrovai@raspi-5: ollama -v

ollama version is 0.3.11

(ollama) mjrovai@raspi-5:




® 0@ - marcelo_rovai — mjrovai@raspi-5: ~ — ssh mjrovai@192.168.4.209 — 79x26
(ollama) mjrovai@raspi-5: ollama run llama3.2:1b --verbose
pulling manifest

pulling 74701a8c35f6... 100%

pulling 966de95caB8a6... 100%

pulling fcc5aé6bec9da... 100%

pulling a70££7e570d9... 100%

pulling 4f659ale86d7... 100%

verifying sha256 digest

writing manifest

success

>>> What is the capital of France?
The capital of France is Paris.

total duration: 2.620170326s
load duration: 39.947908ms
prompt eval count: 32 token(s)
prompt eval duration: 1.644773s
prompt eval rate: 19.46 tokens/s
eval count: 8 token(s)
eval duration: 889.941ms

eval rate: 8.99 tokens/s




M |t.|II d IM d I
u I O a O e S @00 ~ marcelo_rovai — mjrovai@raspi-5: ~/Documents/OLLAMA — ssh mjrovai@192.168.4.209 — 84x36

(ollama) wva aspi-53 pwd

/home/mj i/Documents/OLLAMA

(ollama) mj pi-5: ollama run llava-phi3:3.8b --verbose
>>> Describe the image /home/mjrovai/Documents/OLLAMA/image test 1l.jpg

Added image '/home/mjrovai/Documents/OLLAMA/image test 1.jpg'

The image captures a breathtaking view of Paris, France. The cityscape is

dotted with buildings in various shades of white and gray, interspersed with

lush green trees that add a touch of nature to the urban setting.

In the heart of the scene stands the Eiffel Tower, an iconic symbol of Paris,
its iron lattice structure reaching up into the clear blue sky. The tower's
distinctive silhouette is unmistakable against the backdrop of the sky, which
is a vibrant shade of blue with just a few clouds scattered across it.

The Seine River gracefully winds its way through the city, bordered by an
array of buildings on both sides. The river is lined with several bridges that
connect different parts of the city and facilitate movement for pedestrians
and vehicles alike.

Above all these elements, a few birds can be seen soaring freely in the sky,
their presence adding life to the scene. Their flight paths crisscross over
the river and the buildings, creating dynamic patterns that draw the eye.

Overall, this image presents a beautiful daytime snapshot of Paris - its
architectural marvels, natural beauty, and bustling city life coexisting in
harmony.

total duration: 3m55.972199346s
load duration: 16.198011ms
prompt eval count: 1 token(s)
prompt eval duration: 2ml19.561783s
prompt eval rate: 0.01 tokens/s
eval count: 276 token(s)
eval duration: Im36.330959s
eval rate: 2.87 tokens/s
>>> Send a message (/? for help)
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llava-phi-3 is a LLaVA model (Large Language and Vision Assistant)

fine-tuned from Microsoft Phi-3 mini \

A 4-bit quantized 3.8 billion parameter *
language model trained on 3.3 trillion
tokens™™, whose overall performance, as
~ 350 pages measured by both academic benchmarks
'.' and internal testing, rivals that of models
~ 300 words/page such as Mixtral 8x7B and GPT-3.5

< *2 4GB **22.5 Million books - 17% of
1 word =~ 1.4 token all books written in the world
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https://llava-vl.github.io/
https://huggingface.co/microsoft/Phi-3-mini-4k-instruct
https://isbndb.com/blog/how-many-books-are-in-the-world/

(2.9 GB)

.<:::>.

Ollama

File Edit Tabs Help

e capital of France and its

e in [ Fror 1tiago, Chile
The capital of France is Paris and it is around 12,674 kilometers away
from Santiago, Chile.

distanc

- /0 python calc_distance_image.py /
ocuments/OLLAMA/image_test_1.jpg

The image shows Paris, with 1at:48.86 and long: 2.35, located in
France and about 11,630 kilometers away from Santiago, Chile.

[INFO] ==> The code (running llava-phi3), took
seconds to execute.

python calc_distance_image.py
uments/OLLAMA/image_test_3.]j

Machu Picchu, with lat:-13.16 and long: -72.54,

The image shows
and about 2,250 kilometers away from Santiago,

located in Peru
Chile.

[INFO] ==> The code (running llava-phi3), { 579568
7 seconds to execute.

mjrovai@rpi-5:


https://ollama.com/

Function Calling

[ N mercelo_ream — surce s Mg 5 « o woh mprosadien -2 oo - RIx10

The image shows Machu Picchu
with lat; -13.16 and long: -72.54,
located in Peru and about 2,262

kilometers away from Santiago,
Chile.

Y . — - e e e R e e e e e e e e e e e e e e e e
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I
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LLMs: Optimization Techniques



LLMs: Common Optimization Techniques

1. Prompt Engineering: Tailor your interactions.
2. Fine-tuning: Perfect the model's tasks.

3. RAG: Enhance with relevant data.
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Comparison of
Techniques

Prompt Engineering

Fine-tuning

Connect external

o data sources
Limited
to context :
window Dynamic knowledge

in the prompt

Easy to work with
Rapid prototyping

Intuitive Real-time

Better
outputs

Apply data
& domain
knowledge

Steer
behavior

Narrows model’s behavior
More predictable outputs
Bakes in style/tone/format
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Retrieval-Augmented Generation

“A method created by the FAIR team at Meta to enhance the
accuracy of Large Language Models (LLMs) and reduce false
information or “hallucinations.”



Question (P "O'“Pt) i E ResPo se

Usual Prompt



Question
-
[
Retrival A Retrived
Query Query
K nowledge

Base

Response

—

SLM

With RAG
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Step 1:
Generate embeddings (index)

(The embeddings for model: all-minilm,
took 2.9s to index the documents)

=
- @

K nowleo(ge

Base
(Bee Facts)

Embep(ohv\g



OPENFILES [aid

rag_test.py
© ppt.py

] Line 45, Column1

rag_test.py » | pptpy

# Step 1: Generate embeddings (index)

import ollama
import chromadb

EMB_MODEL = "all-minilm" #"nomic-embed-text" #"mxbai-embed-large"

documents = [

]

“Bee-keeping, also known as apiculture, involves the maintenance of bee colonies, typically in hives, by humans.",
“"The most commonly kept species of bees is the European honey bee (Apis mellifera).",

'‘Bee-keeping dates back to at least 4,500 years ago, with evidence of ancient Egyptians practicing it.",

'A beekeeper's primary role is to manage hives to ensure the health of the bee colony and maximize honey production."”,
'Honey bees are social insects, living in colonies with a single queen, numerous worker bees, and drones.",

‘The queen bee can lay up to 2,000 eqggs per day during peak seasons.",

'Worker bees are female and perform all the tasks in the hive except for reproduction.”,

'Drones are male bees whose primary role is to mate with a queen from another hive.",

‘Honey bees communicate with each other through the 'waggle dance,' which indicates the direction and distance to food sources.
'‘Bees produce honey from the nectar they collect from flowers, which they store in the hive for food during winter.",

“"Bees also produce beeswax, which they use to build the honeycomb structure in the hive.",

'‘Propolis, another bee product, is a resin-like substance collected from tree buds and used to seal gaps in the hive.",
‘Bees play a crucial role in pollination, which is essential for the reproduction of many plants and crops.",

'A typical bee colony can contain between 20,000 and 80,000 bees.",

'‘Bee-keeping can be done for various purposes, including honey production, pollination services, and the sale of bees and relatec
"Beekeepers must inspect their hives regularly to check for diseases, pests, and the overall health of the colony.",

‘Common pests and diseases that affect bees include varroa mites, hive beetles, and foulbrood.",

'‘Bee-keeping requires protective clothing and equipment, such as a bee suit, gloves, and a smoker to calm the bees.",
“Sustainable bee-keeping practices are important for maintaining healthy bee populations and ecosystems.",

“Beekeeping can be a hobby, a part-time occupation, or a full-time profession, depending on the scale and intent of the beekeeper

client = chromadb. ! nt()
collection = client.create_collec (name="bee_facts")

# store each document in a vector embedding database

for i, d in merate(documents) :
response = ollama.embeddings(model=EMB_MODEL, prompt=d)
embedding = response["embedding"]
collection.add(

)

ids=[str(i)],
embeddings=[embedding],
documents=[d]

Spaces: 2



"How many bees are in a

colony? Who lays eggs, and
how much? How about common
pests and diseases?"

Retrival

Query

(embedded
prompt)

K nowledge
Base

(Bee Facts)

- A
FrompT
\

Retrived
Que.ry

(data)

> > [ )
User
gt{_/M.
Step 2:

Retrieve the most relevant document
given a prompt

[['A typical bee colony can contain between 20,000 and 80,000
bees.', 'Honey bees are social insects, living in colonies with a
single queen, numerous worker bees, and drones.’, 'Common
pests and diseases that affect bees include varroa mites, hive
beetles, and foulbrood.', 'Beekeepers must inspect their hives
regularly to check for diseases, pests, and the overall health of
the colony.’, 'The queen bee can lay up to 2,000 eggs per day
during peak seasons.']]

(The embedding generation for the
prompt and data retrieval took 0.1s)



- @ ppt.py UNREGISTERED

OPENFILES [IREECEREESY % ppt.py
rag_test.py

* ppt.py , # Step 2: Retrieve the most relevant document given a prompt:

# Prompt
prompt =

'How many bees are in a colony? Who lays eggs and wow much? How about common pests and diseases?"

# generate an embeddlng for the prompt and retrieve the most relevant doc
response = ollama.« ings

prompt=prompt,
mode l=EMB_MODEL

)

results = collection.query(
query_embeddings=[response[“embedding"1],
n_results=5

)

data = results['documents']

I Line 3, Column 1 Spaces: 2 Python
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Question Prompt Response ’
M\, —— — — [
( t) ( t + data)
promp prompt + data
SIM
Retrival % Retrived

Query Query

(embedded v (data) Step 3:

Use the prompt and the data to
generate an answer!

prompt)

"How many bees are in a

colony? Who lays eggs, and
how much? How about
pests?"

(The code for model: phi3, took 97.6s
to generate the answer)

K nowlea(ge.

Base

(Bee Facts) 85



'YK ) ppt.py UNREGISTERED

OPEN FILES [IRRGEENEREE Y X pptpy
rag_test.py

* ppt.py 2 # Step 3: Use the prompt and the data to generate an answer!

MODEL = "ph1i3"

# generate a response combining the prompt and data we retrieved in step 2
output = ollama.generate(
mode 1=MODEL,
prompt=f"Using this data: {data}. Respond to this prompt: {prompt}",
options={
"temperature': 0.0,
“top kK™:16,
“Top_p 10.5
}
)

16

| Line 16, Column1 Spaces: 2 Python
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Question:

"How many bees are in a colony? Who lays eggs, and how much?
How about common pests and diseases?"

Response

A typical bee colony contains between 20,000 and 80,000 bees. The
gueen bee is responsible for laying the majority of these eggs; she can
produce up to 2,000 eggs per day during peak seasons. Beekeepers
must regularly inspect their hives not only to monitor egg-laying but
also to check for common pests and diseases that affect bees such as
varroa mites, hive beetles, and foulbrood disease.
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a f ) Rag eroval'g-rasri-S ~/ @phx-(:hmmu:m +» rag testpy - /home/. @ * = 1810 s o

File Edit Search View Document Project Build Tools Help

Wastebasket 3 - =
LT ¥ = r R % O - <

rag_test.py
Embedding models example
https://ollama.com/blog/embedding-models

# Step 1: Generate embeddings (index)
# pip install ollama chromadb

WO~ WN -

import ollama
import chromadb
import time
import sys

start_time = time.perf_counter() # Start timing
EMB_MODEL = i # "mxbai-embed-large" "all-minilm
MODEL = 3 }

# QUESTION = "How many bees are in a colony? Who lays eggs and wow much? How about common pests and diseases?"
QUESTION = sys.argv[1] # Get the question from command-line arguments

gdocuments = [

4

line:19/113 col:16 seli0 INS SP mode LF encoding UTF-8  filelype: Python  scope unknown




@mjroval@raspl-i ~. (@ phi3 - Chromium i51 | rag_testpy - /home/ (F) X ' 1819 56°

Wastebasket =
File Edit Tabs Help

mjrovai@raspi-5: /011 g $
mjrovai@raspi-5: rw»nn:vslﬁ??ﬁi““"”q $ python3 rag_test.py "How many bees are in a colony? Who lays eggs and wow much?
How about common peqts and diseases?"

[INFO] ==> The embeddings for model: nomic-embed-text, took 6.2s to index the documents.

Retrieved data:

[['A typical hee colony can contain between 20,000 and 80,000 bees.', 'Beekeepers must inspect their hives regularly to
check for diseases, pests, and the overall health of the colony.', 'Honey bees are social insects, living in colonies wi
th a single queen, numerous worker bees, and drones.', 'Common pests and diseases that affect bees include varroa mites,
hive beetles, and foulbrood.', 'The queen bee can lay up to 2,000 eggs per day during peak seasons.']]

[INFO] ==> The embedding generation for the prompt and data retrieve, took 0.4s.

Response:
Based on the provided data, here are the answers to your questions:

1. How many bees are in a colony?
typical bee colony can contain bhetween 20,000 and 80,000 bees.

2. Who lays eggs and how much?
The queen bee lays up to 2,000 eggs per day during peak seasons.

3. What about common pests and diseases?

Common pests and diseases that affect bees include:
- Varroa mites

- Hive beetles

- Foulbrood

[INFO] ==> The code for model: 1lama3.2:3b, took 54.5s to generate the answer.

mjrovai@raspi-5:~/Documents/0Ol1lama/Rag $ [




RAG: Simple Query

e s

. Answi )
LExtmct- Covften't) — ( Chinking J (Que“ O'”J ( =
Matryoshka [Query Emkedd'mg) Answer
r ) s ™ G;enwtuon
Chunk 1 Embedding 1
o \ )
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r \ | 2 s
Churk & | —>| gumbedding 2
- 3 Semoantic Search
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Chunk 3 1 Embedding 3 Vector Store \
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Advanced RAG: Multi Query

) What are the effects oP]

climate change on agﬁcu"tur*e_?

L Ql: How does 3|oba| warming N Documents
L’.mpa\c‘t crop y‘.elds?

(QQ.: Whot ore tThe cko\“enge?
Parmers face due to Qhomgina
t/eo\'the_r pattems? ‘4

Q3: Discuss the r‘e,‘o\'tior\shipw
between rising Temperatures
and agr‘culturcxl pr‘oduq‘tiv}ty.J

\------------------.'

daan san_ml]
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VLM

Visual-Language Models



Florence-2

Advancing a Unified
Representation for a
Variety of Vision Tasks

Paper: https://arxiv.org/abs/2311.06242

Semantic

Granularity
The image shows a person riding a red
bicycle on a road with a red car in the
background. The road is lined with

trees on both sides and there is another
person riding another bicycle in front of
her. The date "9/22/2023" is visible in

Fine-grained
semantic

the bottom. ~——__ visual grounding
detailed caption & object detection
FLD-5B
) (Comprehensive Annotations)
4 woman :; 7
Zglxg : bk E red vintage car D
e street next — -~ o siaet
= fo RGN _phrase segmentation
o E person caption visual grounding ‘
© 3 - & object detection ' Florence-2
W - K (Unified Architecture)
classification EE '
g e
()] :’ ) = - gl
S gli » o . = ‘
z o regional proposal segmentation Spatial
Image-level Region-level Pixe-level Hierarchy
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https://arxiv.org/abs/2311.06242

Input

The image shows a person riding a red bicycle on a road
with a red car in the background. The person is wearing a
white tshirt, black pants, and a black hat. She has a
backpack on her back and is pedaling with their feet on the
pedals. The road Is lined with trees on both sides and
there is another person riding another bicycle in front of
her, The date "9/22/2023" s visible in the bottom right
comer of the image.

More granular (image level)

Awoman riding a bike down a
street next to a red car.

Image Text Prompt ‘

, , ! Less granular (image level)
1 l Text annotations

» 7

Image Encader (DaViT) Text Tokenizer

S /

|oAa] obew|

Multmodality Encoder
(Transformer)

1

Multimodality Decoder
(Transformer}

1

Output (Text/Coordinates)

Rich semantic 5

The image showsa person riding a red
bicycle on a road witha red carin the
background. The person is wearing a
white t-shirt, black pants, and a black
hat. She has a backpack on her back

Less granular (region level)

and is pedaling with their feet on the
pedals. The road is lined with trees on
riding another bicyclein front of her.
The date '9/22/2023' is visible in the
bottom right comer of the image.

More granular (region level),

Text-phrase-region annotations
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(What does the image describe?

Locate the objects in the image.

Locate the phrases in the caption: A
woman riding a bike.

What does the region (0.41, 0.15,
0.63, 0.73) describe?

~ What is the polygon mask of region
(0.41, 0.15, 0.63, 0.73)?

u Multi-task prompts Y

U00UUU U0000000Uuouduyd
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SJ1epooug Jowlojsuel |
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Uuoudtiduoddu

SUX0} UOI}eI0| + 1X8)

[

The image shows a person riding a red
bicycle on a road with a red car in the
background. The person is wearing a
white t-shirt, black pants, and a black hat.
She has a backpack on her back and is
pedaling with their feet on the pedals. The
road is lined with trees on both sides and
there is another person riding another
bicycle in front of her. The date
"9/22/2023" is visible in the bottom right
corner of the image.

&

~

(= .
person (0.41,
0.15, 0.63, 0.73)
.. car (0.58, 0.28,

3 0.89, 0.61)

'

A women riding

a bike (0.41,
0.15, 0.63, 0.73

-

(0.48, 0.19, 0.48,

018,049,017, .)




Table

Caption

'The image shows a wooden table with a wooden tray on it. On the tray, there
are various fruits such as grapes, oranges, apples, and grapes. There is also a
bottle of red wine on the table. The background shows a garden with trees
and a house. The overall mood of the image is peaceful and serene.’

'The image shows a group of four cats and a dog in a garden. The garden is
filled with colorful flowers and plants, and there is a pathway leading up to a
house in the background. The main focus of the image is a large German
Shepherd dog standing on the left side of the garden, with its tongue hanging
out and its mouth open, as if it is panting or panting. On the right side, there
are two smaller cats, one orange and one gray, sitting on the grass. In the
background, there is another golden retriever dog sitting and looking at the
camera. The sky is blue and the sun is shining, creating a warm and inviting
atmosphere.'}
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Object Detection
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Dense Region Caption

with red label.and'fruits
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Open Vocabulary Detection

| SStEEping cat or

13 \ 5
U

the ground
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Segmentation
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results['<OCR_WITH_REGION>'] ['labels']

['</s>Machine Learning',

Démocratizando a Inteligéncia ate’,
Artificial para Paises em ‘Embarcado’
o . 'Embarcados’,
Desenvolvimento 'Democratizando a Inteligéncia',

'Artificial para Paises em',
= . ‘25 de Setembro as 17h',
Toda quarta-felra ; 'Desenvolvimento’,

. 'Toda quarta-feira',
'Marcelo Roval',
'Professor na UNIFIEI e',
'"Transmissao via',
Ind
'Co-Director do TinyML4D']

o

<

()[R (v Eo-Diretordo TinyMLAD)




Fine-Tunning

{"<OD>": {"bboxes": [[0.15999998964237213, 133.59999084472656,
78.23999786376953, 232.1599884033203), [117.27999877929688,
139.0399932861328, 196.63999938964844, 243.67999267578125],

- ~J : LA & [190.239990234375, 193.1199951171875, 270.239990234375, 319.5199890136719],
T W neel FREtE- 4 [248.1599884033203, 91.04000091552734, 319.5199890136719,

= : (55 \ 189.27999877929688], [160.8000030517578, 27.68000030517578,

o 2 221.27999877929688, 118.23999786376953], [0.1599999964237213,
0.1599999964237213, 86.23999786376953, 57.119998931884766),
[35.36000061035156, 36.31999969482422, 104.15999603271484,
112.15999603271484), [0.1599999964237213, 0.47999998927116394,
319.5199890136719, 319.5199890136719]], "labels": ["wheel", "wheel", "box", "box",
"box", "box", "wheel", "box"]}}

.
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The Future...



microsoft/BitNet B

Official inference framework for 1-bit LLMs .

Bitnet.cpp employs one-bit quantization, representing values with a
ternary system (+1, -1, 0). This approach simplifies calculations by
replacing complex multiplications with additions and subtractions,

eliminating the need for GPUs.
e Speedups range from 1.37x to 6.1x on various CPUs.
* Power consumption reductions between 55.4% and 82.2% compared to

traditional GPU-based inference.

bithet.cpp
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https://github.com/microsoft/BitNet

TinyML: Why the Future of Machine Learning is Tiny and Bright
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Shvetank Prakash, Emil Njor, Colby Banbury, Matthew Stewart, Vijay Janapa Reddi
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https://www.sigarch.org/tiny-machine-learning-the-future-of-ml-is-tiny-and-bright/

To learn more ...

Online Courses

Harvard School of Engineering and Applied Sciences - CS249r: Tiny Machine Learning
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
UNIFEI-IESTIO1 TinyML: “Machine Learning for Embedding Devices”

Books

“Python for Data Analysis” by Wes McKinney

“Deep Learning with Python” by Francois Chollet - GitHub Notebooks

“TinyML” by Pete Warden and Daniel Situnayake

“TinyML Cookbook 2nd Edition” by Gian Marco lodice

“Technical Strategy for Al Engineers, In the Era of Deep Learning” by Andrew Ng
“Al at the Edge” book by Daniel Situnayake and Jenny Plunkett

“XIAO: Big Power, Small Board” by Lei Feng and Marcelo Rovai

“MACHINE LEARNING SYSTEMS” by a collaborative effort

Projects Repository

Edge Impulse Expert Network

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.


https://tinyml.seas.harvard.edu/courses/
https://sites.google.com/g.harvard.edu/tinyml/home
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://github.com/Mjrovai/UNIFEI-IESTI01-TinyML
https://wesmckinney.com/book/
https://www.manning.com/books/deep-learning-with-python
https://github.com/fchollet/deep-learning-with-python-notebooks
https://www.oreilly.com/library/view/tinyml/9781492052036/
https://github.com/PacktPublishing/TinyML-Cookbook_2E
https://github.com/ajaymache/machine-learning-yearning/blob/master/full%20book/machine-learning-yearning.pdf
https://www.oreilly.com/library/view/ai-at-the/9781098120191/
https://mjrovai.github.io/XIAO_Big_Power_Small_Board-ebook/
https://harvard-edge.github.io/cs249r_book/
https://docs.edgeimpulse.com/experts/

Questions?




