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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 Itajubá, Brazil. His 

educational background includes an Engineering degree from 

UNIFEI and an advanced specialization from the Polytechnic 

School of São 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 IGT, 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.

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 

EDGEAI Foundation as a Co-Chair, promoting EdgeAI education in developing countries. His work underscores a 

commitment to leveraging technology for societal advancement.

https://github.com/Mjrovai
https://www.hackster.io/mjrobot
https://tinyml.seas.harvard.edu/team
https://www.edgeaifoundation.org/posts/announcing-the-tinyml-foundation-industry-academia-partnership
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https://iot-analytics.com/what-ceos-talked-about-in-q2-2024/
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“LLM model size competition is 

intensifying. … backwards!”

Andrej Katpathy

https://iot-analytics.com/what-ceos-talked-about-in-q2-2024/
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What is AI?

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

LLMs
(Chat Bots)

Personal 
Assistants

Recommendation
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AI: Any technique that enables 
computers to mimic human behavior 

ML: Ability to learn without explicitly 
being programed

DL: Extract patterns from data using 
neural networks

Teaching computers how to learn a task directly from raw data
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Deep Learning: Subset of Machine Learning in which 
multilayered neural networks learn from vast amounts of data

NODE

(Deep) Machine Learning  
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y = a x + b

f(a, b)x ?

f(?, ?)x y

Traditional Computation

Machine Learning

x y
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y = a x + b f(?, ?)x y

Machine Learning

x y

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).

y = a x + b
X = 0 -> y = 1
X = 1 -> y = 3
X = 2 -> y = 5

a = 0 ; b = 0  -> error D1
a = 0 ; b = 1  -> error D2
a = 1; b = 2   -> error D3
.
.
.
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Vibration 
Analysis 

Image 
Classification

Text 
Generation

Image 
Generation

Large Language 
Models- LLMs 

Neural Network Architectures 

DNN - Deep Neural Network CNN - Convolutional NN RNN - Recurrent NN (GRU/LSTM) GAN - Generative Adversarial N. AN - Attention (Transformers)
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LLMs (Large Language Models) 
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The 
Evolution of 
AI

AI evolved from symbolic systems to deep 
learning:

1956: Dartmouth Conference defined AI.

1970s-1980s: Expert Systems

1990s: Statistical learning approaches 
emerged.

2012: Deep learning Neural Networks 
revolution with AlexNet.

Present: Large-scale systems like GPT-4 
dominate.
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Deep Learning and AI: Why now?

DATA HW: Computer 
Infrastructure

SW: Algorithms 
& Tools

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

ML systems (MLSys) 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)
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Why 
Machine 
Learning 
Systems 
Matter

AI impacts daily life: smart alarms, 
navigation apps, personalized playlists, 
and more.

Beyond convenience, AI is 
revolutionizing industries: healthcare, 
weather prediction, autonomous 
vehicles, and scientific discoveries.
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Machine 
Learning

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

EdgeML (or EdgeAI) 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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TinyML

EdgeML

CloudML

Machine Learning (ML)
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TinyML

EdgeML

CloudML

Enterprise-grade Linux Embedded Linux 

Bare Metal

Machine Learning (ML)
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Raspberry Pi AI Kit

0.5 TOPS 13 - 25 TOPS

microNPU NN Inference Accelerator

NPU: Hailo8L
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590mW450mW 350mW
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 * Note: Hailo-10H for LLMs is planned for future release

NPU: Hailo8L*

GPU: NVIDIA Ampere
100 TOPS
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The Five 
Pillars of 
MLSysEng

Data Engineering: Foundation of the 
system.

Model Training: Learning from data.

Model Deployment: Applying trained 
models in real-world settings.

Operation & Maintenance: Ensuring 
long-term reliability.

Ethics & Governance: Responsible and 
fair AI use.
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Real-World 
Applications

Agriculture

Healthcare

Industry

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

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc

   
  
  
  
  
  
  
  
 

João Vitor Yukio Bordin 
Yamashita
Engenheiro -  UNIFEI

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
http://www.youtube.com/watch?v=ijzxXCdCid0
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José Anderson Reis
Unifei Master's Student
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LSTM

ESP32 LSTM Phenolic Sponge Moisture

FURG UTEC UNRaf

https://github.com/gustavopablocastro/ESP32_LSTM_Phenolic_Sponge_Moisture
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YOLO

Ant Detection 

FURG UTEC UNRaf

https://github.com/juanabedala/DeteccionDeHormigas
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Atrial Fibrillation Detection on ECG using TinyML 
Silva et al. UNIFEI 2021

AD8232 - Single Lead Heart Rate Monitor

Guilherme Silva
Matheus Lima
Engenheiros - UNIFEI

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
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Surface electromyography 

Mateus F. Delangélica e 
Renato M. Neto, UNIFEI
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Personal Trainer

Ricardo Magno C. Junior
Luiz Fernando Kikuchi
UNIFEI
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Bionic Hand Voice Commands

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

VIDEO

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

Agriculture

Healthcare

Industry

Environment
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Keystroke Sound Detection

IESTI01 2021.2 – Final Group Project Key Stroke Detection

Renam Castro
Professor IFESP

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
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Industrial – Anomaly Detection

IESTI01 2021.2 - Final Group Project: Bearing Failure Detection

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
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Measure rainfall using sound detection 

Bruno V. Batista , Felipe S. Fernandes,  Rodrigo N. Pereira - UNIFEI
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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.
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Trends and 
Opportunities

AutoML: Automating ML workflows for 
accessibility.

Explainable AI: Building trust through 
interpretability.

Efficiency: Developing energy-aware 
computing systems.

Democratization: Lowering barriers to AI 
adoption.
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TinyML and EdgeAI are used to teach 
MLSysEng concepts practically.

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

Focuses on integrating hardware and 
software for real-world applications.

Learning 
MLSysEng 
Hands-On 
with Labs
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Simplifies complex MLSysEng concepts

Enables hands-on experimentation with 
full workflows.

Demonstrates scalability and 
deployment on edge devices.

Why TinyML 
and EdgeAI 
are a 
Game-Chang
er for 
Learning
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Closing 
Thoughts

Machine Learning Systems 
Engineering integrates diverse skills 
and tools to turn AI algorithms into 
impactful real-world solutions.
Hands-on labs make learning 
accessible and engaging.

Resources like MLSysBook.ai 
provide comprehensive insights and 
hands-on tools to explore this 
transformative field.
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https://mlsysbook.ai/

https://mlsysbook.ai/
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Content

MLSys: Machine Learning Systems
 
GenAI: Introduction and Demo
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Generative AI is an artificial intelligence system capable of 
creating new, original content across various mediums such as 
text, images, audio, and video. 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 
(LLMs), Small Language Models (SLMs), and Visual-Language 
Models (VLMs) can all be considered types of GenAI.

Generative AI (GenAI)
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LLM / SLM
Large Language Model / Small Language Models
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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 Mão e a 
Luva, Esaú e Jacob, and Memorial de Ayres.

https://github.com/Mjrovai/MachadoAssisBot
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A LUVA DE CASMURRO II
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 não estou alguns passos no cerebro, como de outra cousa. 
Deus me disse:

--Não digo que não. Se eu tivesse a intenção de um probosito. Palha acudiu a 
mulher, não havia nada. A noite vinha tambem para o seminario, tinha o 
aspecto do partido recto e de restaurar a minha mãe e do pae, pela primeira 
vez, a menor destinada a dispensar o chapéo, esperou que não vinhas com as 
suas mãos de creanças. A manhã della chegasse a baroneza e a maneira desta 
divida. Parece que é casada.

--Está 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 conversação para o fim de deixar nenhuma pessoa que 
se dispersasse; mas não falo de uma cousa nem lhe pedia com a mão tremula, como se ella quizesse. Eu, 
apertando-lhe a mão, aliás o principio do governo, a proposito disso, com a desattenção de Estevão, e eu 
começou a aborrecel-o, e a solidão podia ser melhor, e a sympathia colloca da mãe, e não se sabe calar o 
enterro no meio do lagem, o que iam-se apanhados no chão, e para a mulher, não tendo visto, nem a mesma 
cousa.
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Large Language Models (LLMs) and SLMs are 
advanced neural networks based on the 
Transformer architecture that excel in 
understanding and generating human 
language. They represent a significant 
evolution from earlier sequence-based models 
like RNNs, which surpass them in handling 
long-range dependencies and parallel 
processing efficiency.

LLM/SLM – Large /Small Language Model 
 

The Illustrated Transformer

https://www.200ok.ai/blog/slm-vs-llm-understanding-the-differences-in-language-modeling/
http://jalammar.github.io/illustrated-transformer/
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LLM/SLM – Large /Small Language Model 
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or embedding

  Encoder          Decoder
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How large language models work

LLM/SLM – Large /Small Language Model 
 

https://youtu.be/wjZofJX0v4M?si=l_pkUPFf7Yk0AJe5


65https://poloclub.github.io/transformer-explainer/

https://poloclub.github.io/transformer-explainer/
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Transformers to LLMs and SLMs
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Running Large Language 
Models on Raspberry Pi at 
the Edge

Transform a Raspberry Pi 
into a powerful AI hub, 
running SLMs for real-time, 
on-site data analysis and 
insights using Ollama and 
Python.

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
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LLaVa-
PHI3

Multimodal Models
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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 
measured by both academic benchmarks 
and internal testing, rivals that of models 
such as Mixtral 8x7B and GPT-3.5

~ 350 pages

~ 300 words/page

1 word = ~ 1.4 token

** 22.5 Million books - 17% of 
all books written in the world 

* 2.4 GB

 = 147K tokens

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/
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Ollama

llava-phi-3 (2.9 GB)

(13 seconds) (4 minutes)

https://ollama.com/
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SLM Model: LlaVa – Phi3

Function Calling
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LLMs: Optimization Techniques
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1. Prompt Engineering: Tailor your interactions.

2. Fine-tuning: Perfect the model's tasks.

3. RAG: Enhance with relevant data.

LLMs: Common Optimization Techniques
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Retrieval-Augmented Generation (RAG)

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

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

Step 1: 
Generate embeddings (index)
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"How many bees are in a 
colony? Who lays eggs, and 

how much? How about common 
pests and diseases?"

Step 2: 
Retrieve the most relevant document 
given a prompt 

(prompt)

(data)
(embedded 

prompt)

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

[['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.']]
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"How many bees are in a 
colony? Who lays eggs, and 

how much? How about 
pests?"

(prompt)

(data)(embedded 
prompt)

(Bee Facts)

Step 3: 
Use the prompt and the data to 
generate an answer!

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

(prompt + data)
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 A typical bee colony contains between 20,000 and 80,000 bees. The 
queen 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.

Response

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

Question:
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RAG: Simple Query
 



91



92

VLM
Visual-Language Models
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Florence-2 
Advancing a Unified 
Representation for a 
Variety of Vision Tasks

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

https://arxiv.org/abs/2311.06242
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'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.'}

'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.'

Caption
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Object Detection
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Dense Region Caption
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Open Vocabulary Detection
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Segmentation
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OCR
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Fine-Tunning
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The Future…
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bitnet.cpp

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. 
• 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.

https://github.com/microsoft/BitNet
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TinyML: Why the Future of Machine Learning is Tiny and Bright 

Shvetank Prakash, Emil Njor, Colby Banbury, Matthew Stewart, Vijay Janapa Reddi

https://www.sigarch.org/tiny-machine-learning-the-future-of-ml-is-tiny-and-bright/
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To learn more …

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.

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-IESTI01 TinyML: “Machine Learning for Embedding Devices”
Books
“Python for Data Analysis” by Wes McKinney
“Deep Learning with Python” by François Chollet - GitHub Notebooks
“TinyML” by Pete Warden and Daniel Situnayake
“TinyML Cookbook 2nd Edition” by Gian Marco Iodice
“Technical Strategy for AI Engineers, In the Era of Deep Learning” by Andrew Ng
“AI 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

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/
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Questions?


