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Engineering
Sep. 18, 2023



1. Course logistics
2. Lecture
3. Paper discussions
4. Guest speaker

Goals for today
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Course Logistics
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Start ~End

Lecture 12:45:00 PM 1:40:00 PM

Break 1:40:00 PM 1:45:00 PM

Paper Discussions Paper 1 1:45:00 PM 2:05:00 PM

Paper 2 2:05:00 PM 2:25:00 PM

Break 2:25:00 PM 2:30:00 PM

Guest Lecture 2:30:00 PM 3:30:00 PM

Class Schedule



Office Hours
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Office Hours: 9-10 AM Thursday 
(SEC 1.412)

Office Hours: 5-6 PM Thursday 
(SEC 1.412)

Office Hours: 5-6 PM Tuesday Office Hours: 1-2 PM Tuesday 
(SEC 5.403)



1. Please take a few minutes to sign up for next week’s paper discussion:
2. Submit to Canvas:

a. Paper Reading Group - 1 for your first time
b. Paper Reading Group - 2 for your second time 

Paper Discussion Sign-up Sheet
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● Goal: 
○ Open source “living” textbook

● Putting in “boiler plate” material
● Welcome to read through the first few 

chapters of background
○ Improve it!

● Link

Book

https://harvard-edge.github.io/cs249r_book/


● Link to sign-up sheet
● 3-4 people sign up
● Produce at least 10 pages of content

○ Brainstorm sections within a chapter
○ Meet with Matthew Stewart and Prof. VJ to discuss sections
○ Work collaboratively to improve the content/sections

● Grading
○ Content quality
○ Topic coverage
○ Figures/References
○ Peer Review

Book Chapter Contributions

https://docs.google.com/spreadsheets/d/17dH3JWTKT1Zi8-oTvs7EWqWmFXhAzFkdf4Gg12W-d14/edit#gid=0


Assignment 1: Setup Arduino Nicla Vision + Data 
Engineering for Person Detection 

● TinyML workflow

● Data Engineering

● Edge Impulse 

● Transfer Learning



● Part 1:
○ What: You will set up the Arduino Nicla Vision and submit an image of 

yourself taken with the Nicla. Your image will be included in the testing 
dataset for Part 2.

○ How: You will use the Edge Impulse pipeline to bootstrap your system.

Assignment 1: Setup Arduino Nicla Vision + Data 
Engineering for Person Detection 
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● Part 1:
○ What: You will set up the Arduino Nicla Vision and submit an image of 

yourself taken with the Nicla. Your image will be included in the testing 
dataset for Part 2.

○ How: You will use the Edge Impulse pipeline to bootstrap your system.

● Part 2:
○ What:You will gather training data for a person detection model. 
○ How: You will use Edge Impulse + OpenMV tools to get your training 

data.

Assignment 1: Setup Arduino Nicla Vision + Data 
Engineering for Person Detection 



Assignment 1: Collect Training Data for Person 
Detection Model



Lecture









Keyword Spotting v.
General Speech Recognition

● Keyword spotting is one of the most successful examples of TinyML
○ Low-power, continuous, on-device, machine learning
○ Common Voice SWTS expands keyword spotting to more languages



● Keyword spotting is one of the most successful examples of TinyML
○ Low-power, continuous, on-device
○ Common Voice SWTS expands keyword spotting to more languages

● General ASR still requires larger, power-hungry models
○ But it can run on mobile devices (offline dictation on smartphones)

Keyword Spotting v.
General Speech Recognition
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New Rules by Dua Lipa

Now Playing
by Google







Imagine a world where every device has a 
voice assistant in your favorite language. 
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● Speech commands for the 
whole planet?



● Speech commands for the 
whole planet?

● For more than just voice 
assistants
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How can we democratize ML?



Data Engineering

Requirements

● Problem definition
● Permissions & rights
● Machine & human 

usable format
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Data engineering requires 
significant capital & effort.



Classifying Images

(Deng et al., 2009)

https://core.ac.uk/download/pdf/194724521.pdf


● Common Objects in Context (COCO)—2.5M+ segmented images

Detecting Objects

(Lin et al., 2014)

https://arxiv.org/pdf/1405.0312.pdf%090.949


● Waymo—1,950 20-second driving segments (cameras, LIDAR, labels)
● KITTI 360—73KM+ of annotated driving data

Datasets require significant effort



These massive machine learning datasets are constructed by hand
● Common Voice—5000+ hours of spoken audio
● Common Objects in Context (COCO)—2.5M+ labeled images
● ImageNet—4M+ labeled images
● Waymo—1,950 20-second driving segments
● KITTI 360—73KM+ of annotated driving data

Data Engineering is costly and tedious.

Datasets require significant effort



(Reddi et al., 2021)

https://arxiv.org/pdf/2102.11447v1.pdf


(Reddi et al., 2021)

https://arxiv.org/pdf/2102.11447v1.pdf


How do we build 1000 words 
for 1000 languages?



Cost Model v. Community Model?



Cost Model v. Community Model?

Limited Scale Social Good



Common Voice
https://commonvoice.mozilla.org

(Ardila et al., 2019)

https://arxiv.org/pdf/1912.06670


● Crowdsourcing platform

Common Voice







● Crowdsourcing platform
● Over 50,000 volunteers

Common Voice
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● 54 different languages



Common Voice

● Crowdsourcing platform
● Over 50,000 volunteers
● 54 different languages
● Goal: speech recognition for 

all languages on the planet
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How do we democratize the 
data engineering pipeline?
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1. Up
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Specify Wanted  Keywords Search  CV Sentences

He gazed up the steep bank. clip_29132.mp3

"Yes," said Harry sullenly. clip_34212.mp3

Pencils down, time is over. clip_54972.mp3

Get that ladder up here. clip_28213.mp3

There is no help for it. clip_38311.mp3

... ...

Extract Keyword Utterances

“... gazed up the steep…”

      up

Output
1 second wav, silence-padded

en/validated.tsv Input 5-10 second mp3

All sentences containing keywords

He gazed up the steep bank.
"Yes," said Harry sullenly.

Pencils down, time is over.
There is no help for it.

Get that ladder up here.
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3,126 Keywords
22 Languages

Estimate Per-Word Timing                                                          Extract Keywords                                             Add

(Mazumder et al., 2021)

https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/file/fe131d7f5a6b38b23cc967316c13dae2-Paper-round2.pdf


Automatic Keyword Dataset Generation

1. Up
2. Down
3. Yes
4. No
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Specify Wanted  Keywords Search  CV Sentences

He gazed up the steep bank. clip_29132.mp3

"Yes," said Harry sullenly. clip_34212.mp3

Pencils down, time is over. clip_54972.mp3

Get that ladder up here. clip_28213.mp3

There is no help for it. clip_38311.mp3

... ...

Extract Keyword Utterances

“... gazed up the steep…”

      up

Output
1 second wav, silence-padded

Train KWS Model

up

down

(noise)

en/validated.tsv Input 5-10 second mp3

All sentences containing keywords

He gazed up the steep bank.
"Yes," said Harry sullenly.

Pencils down, time is over.
There is no help for it.

Get that ladder up here.
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Nine-Language Embedding Model

Embedding Representation

49x40 spectrogram 

760 Frequent Words in 9 Languages

761-category output [background, words]

EfficientNet-B0 Backbone

Fully-Connected ReLU (2048)

Fully-Connected ReLU (2048)

Fully-Connected SELU (1024)

Multilingual Embedding Model



Nine-Language Embedding Model
Five-Shot Keyword Spotting Model 

Embedding Representation

49x40 spectrogram 

760 Frequent Words in 9 Languages

761-category output [background, words]

EfficientNet-B0 Backbone

Fully-Connected ReLU (2048)

Fully-Connected ReLU (2048)

Fully-Connected SELU (1024)

Multilingual Embedding Model

Embedding 
Representation

Target Unknown Background

5 Target Keyword 
Examples

49x40 spectrogram 

Softmax Layer

5K Non-Target 
Examples



Generalizing to Any Language

BETTER

9 languages 
seen by the 
embedding 

model



Generalizing to Any Language

BETTER

9 languages 
seen by the 
embedding 

model

13 languages 
not seen by the 

embedding 
model

BETTER







How do we widen access to
applied machine learning?



10 Million

4 Billion

Over 250 
Billion

Few

Handful

Many 
Courses

General 
ML

Mobile 
ML TinyML





Course 1
Fundamentals of TinyML

Course 3
Deploying TinyMLCourse 2

Applications of TinyML

An Applied Machine Learning Journey





Scribing



● Data Engineering Challenges 
● Data Engineering Collection Methods
● Democratizing the Data Engineering Pipeline 

Topics to Scribe



Paper Discussions



Link

Paper 1: Model Cards for Model Reporting

https://arxiv.org/pdf/1810.03993.pdf):


Link

Paper 2: Multilingual Spoken Words Corpus

https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/file/fe131d7f5a6b38b23cc967316c13dae2-Paper-round2.pdf


Guest Speaker



Kasia is the Co-Founder of the Data Nutrition Project 
and will dive into the importance of understanding 
datasets beyond numbers. We will learn why nutritional 
labels are crucial for responsible AI and how we can 
interpret them effectively.

With hands-on experience mitigating bias in AI and 
building tools for responsible data systems, Kasia brings 
a unique and crucial perspective to our exploration of 
tiny machine learning.

Guest Speaker – Kasia Chmielinski

https://datanutrition.org/

