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23. KeyWord Spotting (KWS)
Introduction
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What is
KeyWord Spotting?



Keyword Spotting v.
General Speech Recognition

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

* Single Word Target Segment

e General ASRstill requires
o But it can run on mobile devices (offline dictation on smartphones)

* Automatic Speech Recognition
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(Broken Glass)
(Anomaly Detection)
(Snore, Toss)

(Bee, insect sound)




Keyword Spotting
Challenges/Constrains
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Challenges and Constraints

A4

Latency & Bandwidth

A4

Provide results
quickly, respond
in real-time to
the user



Challenges and Constraints

N7 A4
e o s

Latency & Bandwidth

BANDWIDTH

Minimize data
sent over the

network (slow
and expensive)



Challenges and Constraints

RIE

Accuracy & Personalization

ACCURACY

Listen
continuously,
but only trigger
at the right time



Challenges and Constraints

RIE

Accuracy & Personalization

PERSONALIZATION

Trigger for the
user and not for
background
noise



Challenges and Constraints

SECURITY

Safeguarding the
data that is being

o sent to the cloud

Security & Privacy



Challenges and Constraints

Safeguarding the
data that is being

c sent to the cloud

Security & Privacy



Challenges and Constraints

D =

Battery & Memory

BATTERY

Limited energy,
operate on
coin-cell type
batteries



Challenges and Constraints

MEMORY

Run on resource
constrained

@ # devices

Battery & Memory



Anatomy of a Keyword Spotting Application

Continuously listen on
the microcontroller



Anatomy of a Keyword Spotting Application

Process the full speech data

with a large model in the cloud
Process the data with 9

TinyML at the edge
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Anatomy of a Keyword Spotting Application
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Anatomy of a Keyword Spotting Application




Keyword Spotting
Datasets



How do we build a dataset?

*Who are the ?

*What do they ?

*What are they trying to solve?

*How do they with the system?
*How does the make this hard?



Speech Commands: A Dataset for Limited-Vocabulary Speech
Recognition

Pete Warden
Google Brain
Mountain View, California

petewarden@google.com

April 2018

https://arxiv.org/pdf/1804.03209.pdf


https://arxiv.org/pdf/1804.03209.pdf

Requirements

Common Use

& ”

one
C#
“four”
“six”
V1: 10 words

V2: 35 words



Data Collection

e 2,618 volunteers

o consented to have their
voices redistributed
o Variety of accents
> 1,000 examples for each
keyword
Browser-based
(no app to install)
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Data Validation

e Some datais unusable
o Too quiet, wrong word, etc
e Started with automated tools
o Remove low volume
recordings
o Extract loudest 1s (from 1.5sec
examples)
e Al 105,829 remaining utterances
y reviewed through
crowdsourcing
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Sustaining KWS
Research

e Speech Commands is now inv2
o Expanded to 35 keywords
from original 10
e Includes train/validation/test splits
e Expand to new languages?
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Common Voice

e Crowdsourcing platform
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O 0 O
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https://commonvoice.mozilla.org/en


https://commonvoice.mozilla.org/en

Single Word
Target Segment

A speech commands-style

dataset for 18 languages St e Sl
Word Target Segment

éé ” éé ””
. Yes // no This is a use case driven segment

containing data to power spoken digit
recognition and yes / no detection.

e “hey” & “Firefox”
® digits 0-9 https://commonvoice.mozilla.org/en/datasets



https://commonvoice.mozilla.org/en/datasets

Food for Thought

QC (Quality Control)
e Need to keep only what a human can hear
e Microphone issues
e Noisy backgrounds



KWS Data Collection &
Pre-Processing
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Sensor Data
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Sensor Data o
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Sensor Data

e 16kHz signal, so that's 16000
samples (points / second)

e How do you feed all of that
data into the network?

e Need to think creatively
about the input signall

v

16kHz signal



uess!
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What are interesting
challenges?

e |tis acontinuous signal, so
when does the word start?

e How do you “align” on the
starting point?

e How do we extract the vital
parts of the signal that
matter?
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Signal Components?

VAVA
V%




Signal Components?
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Data Preprocessing

No Loud
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Data Preprocessing
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Data Preprocessing

No Loud




Data Preprocessing: Spectrograms

No Loud , No Loud

OOOOOO




Data Prep
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Data Preprocessing: Spectrograms
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Data Preprocessing: Spectrograms
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Mel Filterbanks
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Spectrograms v. MFCCs

Yes Loud Yes Loud

0 200 400 600 800 1000

No Loud No Loud

0 200 400 600 800 1000



Additional Feature Engineering

Normalization: Denoise: reduce

remove volume
differences

A m H\MJ

background
noise for clarity




Spectrograms and MFCCs

Code Time!
SpectrogramsMFCCs.ipynb ‘ o

55


https://colab.research.google.com/github/Mjrovai/UNIFEI-IESTI01-TinyML-2022.1/blob/main/00_Curse_Folder/2_Applications_Deploy/Class_23/SpectogramsMFCCs.ipynb

A Keyword Spotting
Model
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A model for Keyword Spotting
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A model for Keyword Spotting

Convolution

=) Features

Spectrograms are just an image
so we can use this same pipeline!

Classification

=
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KeyWord Spotting (KWS) - Inference

Make things
happen
Obtains an input Pre-Process Runs model postprocesses PP
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https://youtu.be/XnFYz-RSNe8

KeyWord Spotting (KWS) — Create Model (Training)
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Model: "sequential"

Layer (type) Output Shape Param #
reshape (Reshape) (None, 50, 13) 0
convld (ConviD) (None, 50, 8) 320
max_poolingld (MaxPoolinglD) (None, 25, 8) 0
dropout (Dropout) (None, 25, 8) )
convld_1 (Conv1D) (None, 25, 16) 400
max_poolingld_1 (MaxPoolingl (None, 13, 16) 0
dropout_1 (Dropout) (None, 13, 16) ()
flatten (Flatten) (None, 208) 0
y_pred (Dense) (None, 3) 627

Total params: 1,347
Trainable params: 1,347
Non-trainable params: 0

Model size: 200KB

InputLayer

Reshape

ConviD

kernel (3x13x8)
bias (8)

RelLU

MaxPooling1D

Dropout

Conv1iD

kernel (3x8x16)
bias (16)

RelLU

MaxPooling1D

Dropout

Flatten

Dense

kernel (208x3)
bias (3)

Softmax



Model: "sequential"

Layer (type) Output Shape Param #
reshape (Reshape) (None, 50, 13) 0
convld (ConviD) (None, 50, 8) 320
max_poolingld (MaxPoolinglD) (None, 25, 8) 0
dropout (Dropout) (None, 25, 8) 0
convld_1 (Conv1D) (None, 25, 16) 400
max_poolingld_1 (MaxPoolingl (None, 13, 16) 0
dropout_1 (Dropout) (None, 13, 16) 0
flatten (Flatten) (None, 208) 0
y_pred (Dense) (None, 3) 627

Total params: 1,347
Trainable params: 1,347
Non-trainable params: @

Our board Arduino Nano-33
has 256KB of RAM (memory)

InputLayer
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Conv1iD
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1 # Save the model to disk
2 model.save('cnn_v1l_saved_model')

executed in 882ms, finished 17:53:28 2021-07-05

# Convert TF model to a tflite model
from tensorflow.keras.models import load_model

model_cnn_v1l = load_model('cnn_v1l_saved_model')

converter = tf.lite.TFLiteConverter.from_keras_model(model_cnn_v1)
converter.optimizations = [tf.lite.Optimize.DEFAULT]

tflite_model = converter.convert()

tflite_model_size = open("cnn_vi1.tflite","wb").write(tflite_model)
print("Quantized model (DEFAULT) is {:,} bytes".format(tflite_model_size))

S WO ULEWNE

[

Quantized model (DEFAULT) is 11,536 bytes

Our board Arduino Nano-33
has 256KB of RAM (memory)

Identity_int8



Memory Usage

Need to be resource aware
Less compute

Less memory

Use quantization

Our board Arduino Nano-33
has 256KB of RAM (memory)

Memory Usage (KB)
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Reading Material



Main references

« 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
 Fundamentals textbook: “Deep Learning with Python” by Francois Chollet

» Applications & Deploy textbook: “TinyML" by Pete WWarden, Daniel Situnayake

* Deploy textbook “TinyML Cookbook” by Gian Marco lodice

| want to thank Shawn Hymel and Edge Impulse, Pete Warden and Laurence Moroney from
Google, Professor Vijay Janapa Reddi and Brian Plancher from Harvard, and the rest of the
TinyMLedu team for preparing the excellent material on TinyML that is the basis of this course at
UNIFEI.

The IESTIO1 course is part of the TinyML4D, an initiative to make TinyML education
available to everyone globally.
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https://shawnhymel.com/
https://petewarden.com/
http://www.laurencemoroney.com/
https://scholar.harvard.edu/vijay-janapa-reddi
https://brianplancher.com/
http://tinymledu.org/
https://tinyml.seas.harvard.edu/4D/
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://www.manning.com/books/deep-learning-with-python
https://www.oreilly.com/library/view/tinyml/9781492052036/
https://github.com/PacktPublishing/TinyML-Cookbook
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