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Why use NN when your can hardcode? USC

University of
Southern California

Deterministic

Temperature
measurement is
absolute

Probabilistic

“stop”

Voice can
vary




Self-driving car

I Under the bonnet

How a self-driving car works
Signals from GPS (global positioning system) Lidar (light detection and ranging)
satellites are combined with readings from sensors bounce pulses of light off the

tachometers, altimeters

o surroundings. These are analysed to
identify lane markings and the

and gyroscopes to provide

more accurate positioning o————— edges of roads

u:Sn is possible with

GPSalone Video cameras detect traffic lights,
read road signs, keep track of the

Radar position of other vehicles and look

sensor out for pedestrians and obstacles

on the road

be used to measure the

position of objects very
close to the vehicle,
such as curbs and other
vehicles when parking G
accelerator and brakes, Its ’ '
software must understand adar sensors monitor the position of other
the rules of the road, both vehides nearby. Such sensors are already used
Source: The Economist formal and informal in adaptive cruise-control systems
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On-device machine learning applications in the single mW  USC
and below

-+

Vibration and motion

Any ‘signal’

Predictive maintenance,

sensor fusion, accelerometer,

pressure, lidar/radar, speed,
shock, vibration, pollution,
density, viscosity, etc.

Voice and sound

Recognition and creation

Keyword spotting, speech
recognition, natural
language processing, speech
synthesis, sound
recognition, etc.

University of

Southern California

i

Vision

Images and video

Object detection, face
unlock, object classification
etc.




Sub-mW computing vs 100s of mW computing US
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Single Board Computer

More powerful (faster processor, more memory)

Runs full, general purpose operating system (OS)

Can provide full command line or graphical user interface
Requires more power

Microcontroller

e |ess powerful

Bare-metal (superloop) or real-time operating system (RTOS)
Limited or no user interface

Requires less power




Cortex-M series microcontrollers are becoming powerful USC

University of
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Speed to inference Energy efficiency

NRF52840 is built around the 32-bit ARM® Cortex™-M4 CPU
with floating point unit running at 64 MHz.

50x

25x

. I
‘/ Cortex-A, Mali and

7x Ethos-N or Ethos-U65

Cortex-M7 Cortex-M55 Cortex-M55 Cortex-M7 Cortex-M55 Cortex-M55
+ Ethos-U55 + Ethos-US5
Cortex-M and

Ethos-U55

Cortex-M55

Cortex-M today

- [‘jr'_lzr'—lrj ™ '__'
e ;%3 L_TJ Lg.J L®J L@—J @ EL&“

o2l

Vibration Sensor Keyword Anomaly Object Gesture Biometric Speech Object Real-time
detection fusion i detection | detection | detection | detection awareness recognition classification | recognition



ML in microcontrollers TinyML USC
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Extract
Features

Collect
data
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Motion classification from accelerometer data

Acceleration (m/s?)

x| -1.4
y| 0.4
z| 9.6

Model

Left-right
Up-down

— Circle
Idle
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Motion classification from accelerometer data

.2 second window

Acceleration (m/s?)

125 samples for each axis

375 total inputs to the model!

A4 | 14| 28| -34 | -4.0 g’ Left-right

S Up-down
04 | 04 | 0.1 02 | 0.3 —— Model Circle
96 | 96 | 99 | 97 | 98 é Idle



Way too many inputs to the model USC
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Problems with deep learning

. , High-dimensional inputs
1.Computational complexity

2.Requires lots of training data LLLLLLLLL LT
Neural network for

extracting features

}

Neural network for
classifying

7 N

Class 1 Class 2 Class 3 Class 4
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Feature extraction

.2 second window

Acceleration (m/s?)

X

-1.4

-1.4

-2.8

-3.4

A | s

y

0.4

04

0.1

0.2

0.3

z

9.6

9.6

9.8

9.7

9.8

»| Feature extraction:

Calculate RMS for
each axis
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University of

Southem California

Xeys = 5.7 m/s? (RMS)

” Left-right
Yrus = 1.2 m/s (RMS)‘ Model Up-down
Zrus = 9.9 m/s? (RMS) Circle
Idle

375 raw values

3 model input values
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What is a feature USC
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* Individual measurable property or characteristic of a phenomenon
being observed
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Raw data

1eqe1 Z

10.0
9.8
9.6
9.4
9.2

1 (X, Y, z) accelerometer point
from “left-right” sample

1eqe1 Z

US
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Many (X, y, z) accelerometer
points from all classes

left-right
up-down
circle
idle

> & & O
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RMS of acceleration in each axis as the feature USC

University of

Southem California
X Axis Y Axis Z Axis
accX RMS v accY RMS v accZ RMS v
® circle
@ idle
® |eft-right

® up-down
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Features don’t need to be only in the time domain

m/s2

Feature extraction:

FFT

l

ms

4.10

—

Time domain

Frequency domain

USC
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Features in the frequency domain USC
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Power Spectral Density (PSD)

G =N oo N

)  224.00 448.00 672.00 896.00 1120.00 1344.00 1568.00 1792.00

l ms

[m/s?]?/Hz

Feature
extraction:
EIET

!

) 0.00 0.98 1.95 293
m/s?2 ) I

Feature
extraction:
PSD

Hz
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Using both time and frequency domain features USC

2 second window

Acceleration (m/s?)

X

-6.8

-5.6

-4.6

-4.1

38|

y

-0.1

0.2

0.7

0.9

0.7

z

10.4

10.3

10.2

10.1

0.6

}| Feature extraction:

RMS and Power
Spectral Density
(PSD)

375 raw values

University of

Southem California
11 features per axis: RMS, 3x peak
amplitudes from PSD, 3x peak
frequencies from PSD, 4x spectral bins
Left-right
Up-d
33x features p own
Circle
Idle
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Holdout Method for training, validation, and testing USC
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Tweak hyperparameters
and repeat training until
model performs well on
validation data

Used to train model

Training Set (update parameters)

(60%)

I — o o o —
>

Used to
validate model

on unseen data
Dataset

Randomly Validation Set
divide dataset (20%)

Final test to
evaluate model
performance

Test Set
(20%)
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Dataset balance USC
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Dataset Classes

Dog
Field
Train
Random Always
image field

99% accuracy!

“Naive classifier”
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Data flow diagram

Label 1
Label 2
Label 3
Collect data : e
Data
Li‘;f,'e] 5 Label 1
Label 3 Label 2
Label 4 LabelS
abe
Dat - Preprocessin FEEIUIE — Laele

ata P g extraction Features
"~ %2 »“Hyperparameters”
- -,

P g .-~
abel 2 | Training .
Label 4 e
Label 5
Features .

1------ “Parameters”

USC
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Final implementation

Collect data

*| Preprocessing

USC

University of

Southern California
_=Class 1
Feature fotl - ~ Class 2
extraction ¥0 -~ Class 3
N
~
*Class 4

Inference: using the machine
learning model to make predictions
on unseen data in the wild

21
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Final implementation

Features

0°6-0'¢ Mod dadg 7ooe

0°2-0"L mod dadg zooe

0°L-G'0 Mmod dadg 7zooe

G'0-1'0 mod Omo_w Z30€e

WybieH ¢ Yead zooe

baiq ¢ yead zooe

JyblaH g yead zooe

baiq z yead zooe

Wyb6ioH | Yead zooe

baiq | yeaq zooe

SINY Zd%e

0'G-0°g Mmod 98dg A00E

0'2-0°1 mod 2adg Aooe

0'1-G°0 mod 28dg Aooe

G'0-1°0 mod 98dg AD0E

WBISH € sead Aooe

bal4 ¢ yead Aooe

BIaH Z yead Ade

bal4 z yead Aooe

WBIaH | sead A%oe

bal4 | yeadq Aooe

SWY Adoe

0'G-0'Z Mmod 99dg x20e

0'Z-0°L mod 99dg x20e

0160 mod Omaw Xooe

G'0-1°0 mod 2adg xooe

JubI1aH € yead xooe

bal4 ¢ yead xooe

WBIaH Z yead xooe

bal4 z yead xooe

ybBIay | yead xooe

bai4 | yead xooe

SIWY X3%e

Layer 1

Layer 2

Output layer

0000

Softmax
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Final implementation

Features

0'6-0'Z Mod 20adg 7ooe

0'2-0'L Mod 9adg zooe

0'1-G°0 Mod 98dg 720e

G'0-1'0 Mod 93dg Zooe

WBlaH ¢ yead zooe :

baiq ¢ yeaq zooe _

JuBiaH z Jead Zooe

baid ¢ ¥eed zooe

WBISH | ead zaoe

bai4 | yesd zooe

SINY Zd%e

0'G-0'Z Mod 08dg A20e

0°2-0'L Mod 9adg A2%e

0'1-G'0 Mod 9adg Ad0e

G'0-1'0 Mod 99dg A20Ee

WBIaH € Yead Ao0e [§

bai4 ¢ yead A2oe [

WBlaH Z yead A20e .

bai4 z seed Aooe

WBiaH | Yead Adoe :

bei4 | seed Aooe

SINY AdoE

0'5-0'2 MOd 9ads x20e

0'Z-0'| Mod 2adg xooe

0'L-G'0 Mod o8dg X920

G'0-1°0 Mod 9ads xooe §

JyBlaH ¢ yead xooe

bai4 ¢ yead xooe

WbleH z yead x2oe §

bai z yead xooe §

wblaH | yead xooe §

bai4 | yead x90e

SINY Xo2%E

Output layer

0O00O0

Softmax
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0'G-0'2 Mmod o8dg 7o0e

0'2-0'lL Mmod 2:dsg zooe

0'1-G'0 mod 23dg Zooe

G'0-1'0 MOd 2adg 7aoe

UbBIaH ¢ yead Zzooe

baiq ¢ yead zooe :

UBIaH z Yead zooe |

bal4 z yead zooe “

JBIaH | Yead zooe

ba.iq | yead zooe

SINY Z2%€e

0'6-0'¢ Mod 99dg A20e

0°2-0'l Mod 99dg A20E

0°L-G'0 Mod 99dg A20e B

G'0-1'0 Mod 90dg A99E [

WBIeH € Jead Adoe &

bai ¢ yead Aooe [

Features

14BI2H Z Jead Adoe B

bai z ¥ead Aooe

WbiaH | yead A2oe

bai4 | yead Aooe

SINY AdoE

0'G-0'Z Mod 2adg xaoe

0'2-0'| Mod 9adg x2oe

0 L-G'0 Mod 28dg XooE

G'0-1°0 Mod 98dg xo9oe §

WBleH ¢ yead xooe

bai4 ¢ yead xooe §

1ubleH Z Yead x2oe

bai4 g yesd xooe §

JublaH | yead xooe §

bai4 | yead xooe

SINY Xo%e

Final implementation

Output layer

0O00O0

Softmax
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Final implementation

Features

0°G-0'Z Mod 2adg 7ooe

0°2-0'L Mod 29adg zooe

0°1-G'0 Mod 29dg zooe

G'0-1'0 MOd 99dg Zooe

WBiaH ¢ Yead zooe f

bal ¢ yead zooe :

WBIeH Z Yead zooe

balq z yead zooe “

WibieH | Yesd zooe |

baiq | yead zooe

SINY Z3%€e

0'G-0'Z Mod 22ds A20e

0'2-0'| Mod 98dg Ao0e

0'L-G'0 Mod 29dg A00E [

G'0-1'0 Mod 09dg Aooe B

WBISH € Yead A%oe [§

bai4 ¢ yead A20e @

WbiaH 7 sead Ao%e

bai4 z yead Aooe

WBIaH | Yead Aooe

baiq | yead A2oe

SINY AS2E

0'S-0"Z Mod 23dg Xooe

0'2-0°L Mod 23dg X20e

0'1-G'0 mod 2adg X20e

G'0-1°0 Mod 2adg xooe

1bleH ¢ Yead xo0e

baiq ¢ yead xooe

BIeH Z yead xooe

bai4 z »eed xo0e §

1bieH | Yesad xooe §

baiq | yead xooe

SINY X3%€E

Output layer

Softmax
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Final implementation

Features

0°6-0'g mod 2adg 7ooe

0°2-0'} Mod 9adg 720k

0°1-G'0 Mod 92dg 7ooe

5°0-1°'0 Mod 2adg 7ooe

WblaH € yead zooe |

balq ¢ yead zooe

WBIaH Z ead zooe ”

bal4 z yead zooe :

WbisH | Yead zooe

baiq | yead zooe

SINY Z2%€e

0'G-0'Z MOd 28dg A00E

0'2-0°1 MOd 22dg A2oe

0'L-G0 MOd 28dg Aooe

G'0-1°0 mod dadg Aooe

WBIaH € dead Adoe [§

bal4 ¢ yead Aooe &

WyBIaH Z jead Ad0e

bal4 z yeed Aooe

bIsH | esd A%0E

hal4 | yead Aooe

SINY A€

0'G-0'Z MOd 28dg X00oe

0'2-0'L mod 28dsg xooe

0'1-G'0 mod oadg xooe

G'0-1°0 Mod 2adg xooe j

WBIaH ¢ yead xooe

bai4 ¢ yead xooe

WBIaH Z sfead Xooe |

bai4 z yead xooe §

WbIaH | yead xooe §

hal4 | yead xooe

SINY X2%e

Layer 1

Layer 2

Output layer

Softmax
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Confusion matrix in classification

Confusion Matrix

Actual Label

Validation Set

Validation
Sample

1

2
3
4
5
6

Circle
Idle
Left-Right

Up-Down

Actual
Label

Idle
Circle
Circle

Up-Down
Left-Right

Up-Down

Circle

Circle
ldle
Left-right
Up-down
Predicted Label
Idle Left-Right  Up-Down

USC

University of
Southern California
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Confusion matrix in classification USC
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Validation Set

Validation Actual

Sample Label

! ldle Circle

2 Circle Idle

3 Circle Left-right

4 Up-Down Up-down

5 Left-Right

6 Up-Down

Predicted Label
Circle Idle Left-Right | Up-Down

X
‘E Circle
S = 0 0 0 0
c o)
.ug’ c:|U Idle 0 0 0 0
€ S| Left-Right 0 0 0 0
S <
© Up-Down 0 0 0 0
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Confusion matrix in classification

Validation Set

Validation Actual
Sample Label
! idle Circle
2 Circle |d|e
3 Circle Left-right
4 Up-Down Up-down
5 Left-Right
6 Up-Down
Predicted Label
Circle Idle Left-Right | Up-Down
5 o
1] Ircle
S = 0 0 0 0
c O
§ S Idle 0 1 0 0
€ S| LeftRight 0 0 0 0
5 <
© Up-Down 0 0 0 0
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Confusion matrix in classification USC
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Validation Set

Validation Actual

Sample Label

! Idie Circle

2 Circle Idle

3 Circle Left-right

4 Up-Down Up-down

5 Left-Right

6 Up-Down

Predicted Label
Circle Idle Left-Right | Up-Down

X
‘E Circle
S - 0 0 1 0
c Ne!
S Idle 0 1 0 0
€ S| Left-Right 0 0 0 0
5 <
o Up-Down 0 0 0 0
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Confusion matrix in classification

Validation Set

Validation Actual
Sample Label
! ldle Circle
2 Circle Idle
S Circle Left-right
4 Up-Down Up-down
5 Left-Right
6 Up-Down
Predicted Label
Circle Idle Left-Right | Up-Down
X
© Circle| 205 10 1 46
= T
§ T ldle 6 199 0 32
[72] —
€ S| LeftRight| ¢ 17 223 34
g <
(&)
Up-Down 21 8 3 186
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Confusion matrix accuracy

E correct 813
Total accuracy: = — (.813
§fall 1000
Predicted Label
Circle Idle Left-Right | Up-Down
X
© Circle 205 10 1 46
= D
§ ldle 6 199 0 32
(72] —
€ S| LeftRight 9 17 223 34
3 <K
O
Up-Down 21 8 3 186
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Is this a good dataset?

Confusion Matrix

Actual Label

Total accuracy: — —— = 0973
S all 1000
Predicted Label
Circle ldle Left-Right | Up-Down

Circle 0 6 0 0

ldle 0 973 0 0

Left-Right 0 11 0 0
Up-Down 0 10 0 0

> correct 973

USC

University of
Southern California
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Positives and negatives

Predicted Label

X

© [0} Positive Negative
= g

S = Positive 38 17

— ©

2 2

= < Negative 3 42

o

O

True Positive (TP): Predicted positive matches actual positive

True Negative (TN): Predicted negative matches actual negative

False Positive (FP) (“Type | Error”): Predicted positive does not match actual negative

False Negative (FN) (“Type Il Error”): Predicted negative does not match actual positive

USC

University of
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False positives, false negatives

Predicted Label

Circle |dle Left-Right | Up-Down
X
© Circle| 205 10 1 46
= D
§ T Idle 6 199 0 32
0 —
€ S| LeftRight| o 17 223 34
) O
O <
Up-Down 21 8 3 186

True Positive (TP): Predicted positive matches actual positive

USC

University of
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True Negative (TN): Predicted negative matches actual negative
False Positive (FP) (“Type | Error”): Predicted positive does not match actual negative

False Negative (FN) (“Type Il Error”): Predicted negative does not match actual positive
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Accuracy for a single class

Predicted Label

y Circle Idle Left-Right | Up-Down
tE‘B' _ Circle| 205 10 1 46
s 5 dlel 6 199 0 32
‘g E Left-Right 9 17 223 34
o < Up-Down 21 8 3 186
Accuracy
ACC_TP+TN_ TP+TN _ T
~ P+N TP+TN+FP+FN  Total
199 4 728
— = 0.927
1000

USC

University of
Southern California
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True Positive Rate, Sensitivity

Confusion Matrix

Actual Label

Predicted Label

Circle Idle Left-Right | Up-Down
Circle| 205 10 1 46
|dle 6 199 0 32
Left-Right 9 17 223 34
Up-Down 21 8 3 186

TPR =—-

True Positive Rate (TPR), Sensitivity, Recall, Hit Rate

TP TP
P TP+FN N
199
= — (0.840
199 + 38

USC

University of

Southern California
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True Negative Rate, Selectivity

Confusion Matrix

Actual Label

Predicted Label

Circle Idle Left-Right | Up-Down
Circle| 205 10 1 46
|dle 6 199 0 32
Left-Right 9 17 223 34
Up-Down 21 8 3 186

True Negative Rate (TNR), Specificity, Selectivity

USC

University of

Southern California

TN TN
N = = TN P R
728
— — (0.954
798 4+ 35
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Precision (Positive Predictive Value)

Confusion Matrix

Actual Label

Predicted Label

Circle Idle Left-Right | Up-Down
Circle| 205 10 1 46
Idle 6 199 0 32
Left-Right 9 17 223 34
Up-Down 21 8 3 186
Positive Predictive Value (PPV), Precision
PPV L
TP+ FP N
199
= = (.850
199 + 35

USC

University of

Southern California
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F1 score

Confusion Matrix

Actual Label

Predicted Label

Circle Idle Left-Right | Up-Down
Circle| 205 10 1 46
ldle 6 199 0 32
Left-Right 9 17 223 34
Up-Down 21 8 3 186
F1 Score

PPV -TPR

2T'P

:2' p—
PPV +TPR 2IP+ FP+ FN

0.850 - 0.840

T (0.850 - () .]40)

= 0.845

USC

University of
Southern California
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Classifier metrics USC
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Predicted Label

Circle Idle Left-Right | Up-Down
X
© Circle 205 10 1 46
= D
§ 1 lde| ¢ 199 0 32
7] —
€ 3| Left-Right 9 17 223 34
(o) Q
(&) <
Up-Down 21 8 3 186

Per-class accuracy  0.907 0.927 0.936 0.856
F1 scores 0.815 0.845 0.875 0.721

Total accuracy: 0.813

F1 average: 0.818
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F1 score is indicative of dataset balance

Predicted Label

Circle ldle Left-Right | Up-Down

X

- Circle

tEB = 0 6 0 0
8§ T ldle 0 973 0 0
0 —
€ S| LeftRight 0 11 0 0
3 <
© Up-Down| ¢ 10 0 0
Per-class accuracy 0.994 0.973 0.989 0.99

F1 scores 0.0 0.986 0.0 0.0

Total accuracy: 0.973

F1 average: 0.247

USC

University of
Southern California
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Model fit

A
A

A 3PAA
A A

AP A

A A

Underfit: Nlodel fails to
capture trends in the data

Good fit: Model captures
trends and can generalize
to unseenldata

USC

University of
Southern California

A
A
A

A A

Overfit: Madel captures
training data trends but
fails on unseen data
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Accuracy vs epoch to understand dataset USC
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100% 100% » 100% raining
training
[ ] validation I
- - - validation
(&] (@) O
4] (T ©
5 = 2
(&} o O
(&) (@) Q
< - < <
training
0w |~ | validaton 0o,
Tine (epochs) — Time (epochs) — Time (epochs) —
Underfit: NModel performs Good fit: Model Overfit: Mqgdel predicts
poorly on training and generalizes well from training data well but fails
validation data training tolvalidation data to generaliZze to validation
data
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Loss vs epoch to understand dataset

validation

Loss —

Tin

Underfit: N
poorly on i

training

e (epochs) —

lodel performs
aining and

validation data

Loss —

validation

Tin

training

e (epochs) —

Good fit: Model

generalize

training to

s well from
validation data

USC

University of
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Loss —

validation

training

Time (epochs) —

training data well but fails
to generaliZe to validation
data

Overfit: I\/I];:Iel predicts
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Fixing underfit

100%

Accuracy —

training

/ validation

Time (epochs) —

0%

Underfit: Nodel performs
poorly on tfaining and
validation data

USC

University of
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e Get more data

e Try different features or more features

e Train for longer

e Try a more complex model (more layers, more
nodes, etc.)

46



Fixing overfit

e Get more data

e Early stopping

e Reduce model complexity

e Add regularization terms

e Add dropout layers (for neural networks)

100%

0%

Accuracy —

USC

University of

Southem California

Early
stopping

training__

validation

Time (epochs) —

Overfit: Madel predicts
training data well but fails
to generaliZe to validation
data
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Model characterization in realtime

loss

epochs

Training sample

features
Label: Circle

Model

accuracy

epochs

Loss function
(or “cost function”)

Predicted: Circle

USC

University of

Souﬂmn1Chhﬁxnm
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Output of the model

Sample accelerometer Edge Impulse library

for 2 seconds

—| Feature extraction:

RMS and Power

Spectral Density
(PSD)

33x features

Model

— P(left-right)

» P(up-down)

> P(circle)
— P(idle)

62.5 Hz sampling for 2 seconds
with 3 axes = 375 values

375 raw
values

P(left-right) = 0.9143

P(up-down) = 0.0032
P(circle) = 0.0581
P(idle) = 0.0244

USC

University of
Southern California
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Action after classification USC
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if (p_left_right > 0.5) {
// Do stuff

¥

if (p_up_down > 0.5) {
// Do some things

¥

if (p_circle > 0.8) {
// And now for something completely different

¥

50
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