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Definitions

Artificial Intelligence (Al): The broad discipline of creating machines capable of performing
tasks that typically require human intelligence, including learning, reasoning, and
problem-solving.

Machine Learning (ML): A subset of Al focused on building systems that learn from data,
allowing computers to improve their performance on tasks without being explicitly
programmed for each task.

Deep Learning (DL): An advanced subset of machine learning involving neural networks
with multiple layers (deep networks), enabling powerful data modeling and decision-making
based on vast amounts of data.

Edge Al: The practice of processing Al algorithms on local devices near the data source,
reducing latency and bandwidth use while enhancing privacy and speed in applications like
real-time analytics and local data processing.

TinyML: The field of machine learning focused on developing low-power models that can
operate directly on small devices like microcontrollers, extending Al capabilities to edge
devices.



Power

Hardware § ¢ EdgeML(A])
TInyML Video

&q Classification
2 MB+

Object Detection

- Complex Voice ‘
| | Processing
o 1 MB+
i Oj Image
L Classification '
250 KB+
| | l@”"p KeyWord Spotting

O
Audio Classification ‘ ‘ ‘
O

50 KB

“ Anomaly Detection
w Sensor Classification ‘
Rpi-Pico Arduino Nano Arduino Pro RaspberryPi  SmartPhone Jetson Nano
(Cortex-MO+) (Cortex-M4) (Cortex-M7) (Cortex-A) (Cortex-A + GPU)

20 KB
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EdgeAl

Rapberry Pi Linux
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N I

Jetson Nano
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TensorFlow Lite

Deploy Make

model at inferences
Edge at Edge

TinyML
L

TensorFlow Lite Micro
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Computer Vision Main Types

Object Detection
Multi-Label Classification + Object Localization




Nicla Vision > Object Detection

Object Detection

Nicla Vision

XIAO ESP32S3 > Object Detection

Object Detection

Machine Learning Systems |
with TinyML

XIAQ ESP32S3

Written, edsted and curated by
Prof. Vigay Janapa Reddi

Harvard University

Witk vl thasks & e commmamity Sov therr contribadoms and sapport


https://harvard-edge.github.io/cs249r_book/contents/labs/arduino/nicla_vision/object_detection/object_detection.html
https://harvard-edge.github.io/cs249r_book/contents/labs/seeed/xiao_esp32s3/object_detection/object_detection.html

FOMO

Object Detection model



Dataset

File > Examples > ESP32 >
Camera > CameraWebServer.ino

® 3 @ ESP32

x 4+

- C @ A\ Not Secure  192.168.86.250
= Toggle OV2640 settings

XCLK MHz

Resolution QVGA(320x240)
Quality

Brightness

Contrast

Saturation 2
Special Effect

AWB

AWB Gain

WB Mode

AEC SENSOR

AEC DSP

AE Level

AGC

Gain Ceiling

BPC

WPC

Raw GMA

Lens Correction

H-Mirror

V-Flip

DCW (Downsize EN)

Color Bar

LED Intensity

Face Detection




Labeling

@ = XIAO-ESP3253-Sense-Objec X  + -

=" EDGE IMPULSE

Dashboard
{ | Devices
2 Data acquisition
M mpulse des
1] Create impulse
td EON Tuner
R\":‘x’} n "'w."d(‘
Live ciassification
Model testing
IJ ersic g

GETTING STARTED

@ Docum

¢ 5 C M % studio.edgeimpulse.com/studio/315759/acquisition/training?page=1 Q W o3 S O @

MJRoBot (Marcelo Rovai) / XIAO-ESP

Data sources = | Labeling queue (47)

DATA COLLECTED TRAIN / TEST SPLIT

47 items -

Collect data

2 to start building your dataset.

Dataset

RAW DATA

20231128151645

Training «n  Test y £ 0

MPL DEC E
20231128151645 - Today, 15:27:09
20231128150613 - Today, 15:27:09
20231128150604 - Today, 15:27:0¢
20231128150833 - Today, 15:27:09
20231128150600 - Today, 15:27:09
Metadata ¢ *
20231128150855 . Today, 15:27:09
20231128150458 - Today, 15:27:09 - H No metadata

20231128150713 - Today, 15:27.09

20231128150908 Today, 15:27:09 § o

10



Labeling

- - »



Labeling

12



® e = XIAD-ESP32S3-Sense-Objec X + "

¢« 9 C [ 2 studio.edgeimpulse.com/studio/315759/create-impulse Q &3 g O @

MJReBot (Marcelo Rovai) / XIAQ-ESP3253-Sense-Object_Detection @

—_ EDGE IMPULSE

Dashboard
4\ Animpulse takes raw data, uses signal processing to extract features, and then uses a learning block to classify new data.

Devices

& Data acquisition
A Impulse design

Image data Image Object Detection Output features
® Create impulse
(Images)

® Image Input axes Name Name 2 (bug, fruit)

Image Object detection
Image width Image height

Retrain model image v | Image

; image
® Object detection g

Resize mode

% Live classificatio
S A-A

& Model testing

Output features

2 (bug, fruit)

A |
P Versioning

© For object detection use a
square image size, e.g. 96x96,
160x160 or 320x320. L]

W Deployment

GETTING STARTED
7 Documentation ’ i A

®, Forums i 3
Add a processing block ! i Add a learning block




Model: FOMO

64% cat

: 1 0.1% spoon
Convolution layers Full connectionlayers  Predicted labels
Trained Weights Transfer Train from scratch

/2

Convolution layers Full connection layers Predicted labels

|
MobiliNetV2

|

Grid (12 x 12)
“block of pixels”

(96 x 96 )/ 8

k Object Centroid

14



Inference Test

16:25 HHRo 73

AA Bt @ hone.edgeimpulse.com &

=  MJRoBot (Marcelo Ro...

fruit (0.97) S
fruit (0.99) - T
‘ fruit (0.89) m

fruit (1.00) ‘

me per
$ ()
@ edgeimpulse.com X &

EMA VIDEO FOTO RETRATO P

o @ -

Switch to data collection mode

< > M m ©

16:24 HUEC 74

AA B¢« & hone.edgeimpulse.com C

C—

3 MJRoBot (Marcelo Ro...

fruit (1.00) fruit (1.00) &

bug (0.75) ;
bug (0.81) |

)

Switch to data collection mode

m O

< > M

16:27 HUB—N 728

AA Bt § hone.edgeimpulse.com )

==  MJRoBot (Marcelo Ro...

Switch to data collection mode

m O

< > 1

15



SenseCraft
(XIAQ)

16


https://seeed-studio.github.io/SenseCraft-Web-Toolkit/#/setup/process

Deploy

@ esp32_camera | Arduino IDE 2,21

5] (]

esp32_camera.ino

18 # LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE, ARISING FROM,

19 * OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR OTHER DEALINGS IN THE

20 * SOFTWARE. —
21 x/

22

23 /* Includes —————————— e et Y

24  #include <XIAO-ESP3253-Sense-Object_Detection_inferencing.h>
25  #include "edge-impulse-sdk/dsp/image/image.hpp"

26

27  #include "esp_camera.h"

28

29 // Select camera model - find more camera models in camera_pins.h file here
30 // https://github.com/espressif/arduino-esp32/blob/master/libraries/ESP32/examples/Camera/Camera
31

32 #define PWDN_GPIO_NUM -1

33 #define RESET_GPIO_NUM -1

34 #define XCLK_GPIO_NUM 10

35 #define SIOD_GPIO_NUM 40

E{ #define STOC GPTN NIIM 20Q

Serial Monitor X  Output
Message (Enter to send message to 'XIAO_ESP32S3 jav/cu.usbmodem2101°) BothNL&CR <~ 1

fruit (0.566406) [ x: 56, y: 32, width: 8, height: 8 ]
Predictions (DSP: 4 ms., Classification: 143 ms., Anomaly: 0 ms.):
No objects found
Predictions (DSP: 4 ms., Classification: 143 ms., Anomaly: 0 ms.):
fruit (0.582031) [ x: 48, y: 32, width: 8, height: 8 )
fruit (0.773438) [ x: 80, y: 32, width: 8, height: 8 ]
Predictions (DSP: 4 ms., Classification: 143 ms., Anomaly: 0 ms.):
fruit (0.550781) [ x: 64, y: 16, width: 8, height: 8 )
Predictions (DSP: 4 ms., Classification: 143 ms., Ancmaly: 0 ms.):
fruit (0.722656) [ x: 64, y: 16, width: B8, height: 8 )

Ln 48, Col 29 XIAO_ESP32S3 on /dev/cu.usbmoder




microNPU

a neural network unit for TinyML

18



ML- optimized Solutions

Ethos-U55
Performance
(At 1 GHz) 64 to 512 GOP/s
MACs (8x8) 32, 64, 128, 256

TOPS (Tera Operations per Second)

Cortex-M today

’ :
AN
»

Vibration
detection

Ethos-Ué5 Ethos-U85
&
512GOP/sto 1 256 GOPS/s to 4 Cortex-A, Mali and
TOP/s TOP/s Ethos-N
128, 256, 512,
2t ke 1024, 2048

Cortex-M and
Ethos-US55

Cortex-M55

Mg |

T

Ll

Keyword
detection

f—@j
ki)
Gesture
gdetection

f'®'l

| o]

Object
detection

Jawareness

Data throughput

TOP/s



Computer Vision at the
Edge with Grove Vision Al
Module V2

Exploring Computer Vision
applications such as Image
Classification, Object
Detection, and Pose
estimation.

20


https://www.hackster.io/mjrobot/computer-vision-at-the-edge-with-grove-vision-ai-module-v2-0003c7
https://www.hackster.io/mjrobot/computer-vision-at-the-edge-with-grove-vision-ai-module-v2-0003c7
https://www.hackster.io/mjrobot/computer-vision-at-the-edge-with-grove-vision-ai-module-v2-0003c7

Camera

OV5647 Camera

More cameras will be
supported scon

Iy

Grove Vision Al v2

Cortex-M55
Processor(Big)

Cortex-M55
Processor(Little)

Ethos-US5 :
microNPU =L
Himax 6538
PDM Microphone SD Card Slot

W UOISIA = JA0JY

CA

20
D
o3

<

IIC
UART
SPI

Master Controller

XIAO
Arduino
Raspberry Pi
Beagleboard
ESP32

and other mainstream

controllers

21



Person Classification Face Detection Person Detection Human Pose Detection

22



Define a

Goal

Post-
process

I

-~ EDGE IMPULSE

[

G o _
int8

Pu—— Deploy | «=—

model vela.tflite |e— Mdf—
int8
Y

CO

23



'ﬁ"

2wl

|8
L
»
&
) &
y

~_

T

Classification: 142 ms Classification: 86 ms Classification: 83 ms Classificatio: 63
1.5 FPS 7.0 FPS \ 11.6 FPS | 12.0 FPS 167 FPS

Grove Vision Al V2
ARM Ethus-U55
400 MHz

0 Portenta H7
ARM M7
480 MHz

Nicla-Vision
ARM M7
480 MHz

ESP - CAM

L XIAO ESP32S3
> Xtensa LX7
240 MHz 240 MHz

B S Xtensa LX6

24



YOLO

Object Detection model



Ultralytics YOLO (You Only Look Once)

Classify Segment Track

Computer Vision tasks

Real-time object detection systems that identify and classify many objects very fast in a single image pass.

26



BuzzTech: Machine
Learning at the Edge

Deploying YOLOVS on
Raspberry Pi Zero 2W
for Real-Time Bee
Counting at the Hive
Entrance.

27


https://www.hackster.io/518000/buzztech-machine-learning-at-the-edge-07c951
https://www.hackster.io/518000/buzztech-machine-learning-at-the-edge-07c951

Goal: Estimate the number of bees

Nunber of objects: 15 bees Nunber of objects: 3% bees Number of objects: 28 bees

28



Air Temperature and
Relative humidity

Local
Database

sampleFreq = 10 s

29



® 0® @ Ccreate Project x 4+

“

2 C @

@ roboflow

23 https://app.roboflow.com/marcelo-rovai-riila/create

Let's create your project.

Marcelo Rovai > @ New Public Project

Project Name

Bees_on_Hive_landing_boards

Annotation Group @

License @

cCBY 4.0

( bees

Project Type

defect 98%

’ orange tangerine

Object Detection Classification Instance Segmentation

Identify objects and their positions Assign labels to the entire image. Detect multiple objects and their

with bounding boxes. actual shape.

Classification Type
Multi-Label Single-Label
Best For Best For Best For
# Counting 2z Tracking ¥V Filtering v Content Moderation & Measurements o8 Odd Shapes
\ .
Show More

Cancel Create Public Project

Keypoint Detection
Identify keypoints ("skeletons") to
subjects.

Best For
# Pose Estimation

30



[ ] ® @ Bees_on_Hive_landing_boz X

< C M 2% https://app.roboflow.com/marcelo-rovai-riila/bees_on_hive_landing_boards/images/34IC4TuHjkc5VtUNSKxC?queryText=&pageSize=50&startingindex=0&browseQuer... ¢ D ‘)

BEES_ON_HIVE_LANDING_BOARL ANNOTATE
20230711b6510. jpg
Annotations

Group: bees-4uet

CLASSES

Attributes ® bee

D

Comments

)
History

<>

RENVAEE]

No Tags Applied

C

+ Add Tag

-+

Annotation Editor

Ibea

|

& o+

‘ Save (Enter) l

RESET

ol n 45"




[ ] ® @ Bees_on_Hive_landing_boa X

< C M 2% https://app.roboflow.com/marcelo-rovai-riila/bees_on_hive_landing_boards/images/34IC4TuHjkc5VtUNSKxC?queryText=&pageSize=50&startingindex=0&browseQuer... ¢ [} ‘)

- IVE

BEES_ON_HIVE_LANDING_BOARDS ANNOTATE
20230711b6510. jpg

o Annotations

Group: bees-4uet

CLASSES

Attributes ® bee

D

Comments

0]
History

<>

RENVAEE]

No Tags Applied

tt vt

+ Add Tag

-+

A

+

RESET




ece

€« 2 C A =

{x}

<>

& yolov8_bees_on_hive_landing_board.ipynb +r

File Edit View

Files
D C B W
v B content

~ [ datasets

€O yolovB_bees_on_hive_landin X +

0O X

v [ Bees_on_Hive_landing_b..

v B test
» BB images
» [ labels
~ BB train
» [ images
» BB labels
~ @ valid
» BB images
» BB labels

B README dataset.txt

B README roboflow.txt

. data.yaml
» BB datalab
» BB dev
» BB etc

. o
Disk m——

46.44 GB available

https://colab.research.google.com/drive/1JjlaCjofVeXVxok3gtorpRK4hF1CbECU#scroliTo=BSd93ZJzZ ZK1t

Insert Runtime Tools Help All changes saved

+ Code + Text v T4 e Y

[1]

@ vr &} @  Finishupdate :

B Comment 2, Share £

4+ Gemini A

1 from ultralytics import YOLO
2
3 from IPython.display import display, Image

v Dataset

[ >]

()

"N eoB S QD
1 !mkdir {HOME}/datasets Ih
2 %cd {HOME}/datasets
3
4 !'pip install roboflow --quiet
5

6 from roboflow import Roboflow
7 rf = Roboflow(api_key="YOUR KEY HERE")

8 project = rf.workspace("marcelo-rovai-riila").project("bees_on_hive_landing_boards")
9 version = project.version(1)
10 dataset = version.download("yolovg")
11
/content/datasets
75.5/75.5 kB 3.6 MB/s eta 0:00:00
158.3/158.3 kB 7.7 MB/s eta 0:00:00
178.7/178.7 kB 8.3 MB/s eta 0:00:00
58.8/58.8 kB 6.9 MB/s eta 0:00:00
49.1/49.1 MB 16.7 MB/s eta 0:00:00
54.5/54.5 kB 7.1 MB/s eta 0:00:00

loading Roboflow workspace...

loading Roboflow project...

Dependency ultralytics==8.0.196 is required but found version=8.2.23, to fix: ‘pip install ultralytics==8.0.196"
Downloading Dataset Version Zip in Bees_on_Hive_landing_boards-1 to yolov8:: 100% || 1597328/1597328 (00

Extracting Dataset Version Zip to Bees_on_Hive_landing_boards-1 in yolov8:: 100% | 32468/32468 [00:09<0

v 50s completed at 8:46 AM ® X

33



Raw
Dataset

Dataset
Labeling
(Roboflow)

Model
Training

(PyTorch)

Model Inference

(Rasp)

Load

Uptim

coocooo0co0coo0o0O0O0O0O

6
3
2
5
5
2
1
3
1
4
1
1
F

coocoo0oo0O0O0O000O

/sbin/init

/lib/systemd/
/lib/systemd/
/lib/systemd/

avahi-daemon:
/usr/sbin/cro
/usr/bin/dbus
/usr/lib/polk
/lib/systemd/
avahi-daemon:
/usr/sbin/thd
F10




LSTM

Long Short-Term Model

LSTM model is a type of recurrent neural network (RNN) that is well-suited for
sequence prediction problems by effectively capturing long-term dependencies
in data sequences.

35



Deep Learning models (or artificial neural networks)

Hidden

Fully Connected Neural Networks (FCNNs): Networks where Input .
utpu
each neuron in one layer is connected to every neuron in the

following layer, useful for complex pattern recognition across
diverse datasets.

Feature maps

) Convolutional Neural Networks
\’“m?:‘p“t (CNNs): Specialized for grid-like
N\ data such as images, using
[ convolutional layers to detect
] and learn spatial hierarchies of
features.

-----

Convolutions Subsampling Convolutions Subsampling Fully connected

36



Deep Learning models (or artificial neural networks)

Recurrent Neural Networks (RNNs): Designed for sequential data like time
series or text, these networks use their internal state (memory) to process

sequences of inputs.

® ..

tw T

tw tw w
¥ T F NN
S v v v

P u tu tu tu

O OO

37



Machado de Assis Bot with RNN - GRU

QL L1 LIS 11111111 B

4

" E

!III

do de Assis

The robot writer model is a Recurrent Neural network (RNN —GRU). = *r

Layer (type) Output Shape

Param #

To obtain the final Al model, 3.5 million parameters were trained enbedding (Enbedding) (128, None, 64) 788
with a 120-letter sequence from seven of his books: Memorias i | i“"' tones mj’ Hene

dense (Dense 128, None, 117 120159
Posthumas de Braz Cubas, Dom Casmurro, Quincas Borba, Papeis ———

Trainable params: 3,488,823

Avulsos, A Méo e a Luva, Esau e Jacob, and Memorial de Ayres. NohckEetiutia ghroas §

38


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 desattencgdo 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.

39



Deep Learning models (or artificial neural networks)

Long Short-Term Memory (LSTM): A type of RNN that can learn over long
sequences without losing information, effectively managing long-term

dependencies.

LSTM unit

40



Temperature Prediction
using an LSTM model

The trained LSTM model will
be converted with
TFLite-Micro and Edge
Impulse Python SDK and
deployed on an XIAO
ESP32S3.

41


https://www.hackster.io/mjrobot/temperature-prediction-using-a-tinyml-lstm-model-264029
https://www.hackster.io/mjrobot/temperature-prediction-using-a-tinyml-lstm-model-264029

————————————————————————————————— ——— —

DO\'tO\ roanmn &.
J f
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n
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T ——— - ——————————— (R el

meoht(/ \
Pressure \
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WoIndex — > P
Wind Speed —————

Wind Direction /



20+

10 1

1020 A

1010 1

precipMM

0.2 1 i ’
0.1 4

0.0 +

o 8

7 Features
A

uvindex

4 1
7.5 1 i
5.0 1 i
2.5 1 ;

G|

windspeedKmph
20 =

1 Vi WWWWWMNWWWMWWVWW %

winddirDegree

200

1 ‘

Date

168 timesteps )



7 Features

1 week
Prevision 6 hours in the future

|

\
Temp ,_’I‘\H;W*\jr\_';ﬁ\\;.’;‘q

Temperature
Hum .\'. ."_\'. ¢ \f/\'. ",_\'. ."*\'. .“_\. ."
A v - ~ ~ | ¥
Press -
--I.J--.gl J-—-..-—-w.—-l...l- r‘-.J- -J
Rain
uv £y £y e g 1 il
Wind
Speed : |
Wind = ot =
o\ A AT AT LA
168 timesteps
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Temperature

35 A

2D

10 A

e | - {1
—— Val
— Test

0 20000 40000 60000 80000 100000 120000
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model = Sequential( [
LSTM(128, . .
input_shape=(n_steps, X_train.shape(2])), Time-Series
Dataset
Dense(1)

1)

model.compile(

history = model.fit( o ekt o Feauqe
X_train, y_train, " Extraction
validation_data=(X_val, y_val),
epochs=20,
batch_size=32,

callbacks=[early_stopping] Model

Training
(TensorFlow)
prediccion = model.predict(X_test)

converter = tf.lite.TFLiteConverter.from_saved_model(MODEL_DIR)
tflite_model = converter.convert!|

Model
# Save the converted model file C??gﬁﬁzsn
tflite_model_file = 'converted_model.tflite'
(tflite_model_file, 'wb') f:
f.write(tflite_model)




Edge Impulse Python SDK

4 A

1F PR profile()

o EDGE IMPULSE
TensorFlow
\ ) el e = clzoi;ex—mﬂf—aﬂmhz
O PyTorch - et
deploy()
@ @ Python SDK

ONNX

TFLite Micro

converted model.tflite * El Python SDK ‘ Istm_float32_model.zip
47



https://docs.edgeimpulse.com/docs/tools/edge-impulse-python-sdk

7 Features

)
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—
=
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-
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.
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168 timesteps

[8.28461538, ©.48979592,
B.DA347826, @.47777778,
e. , o )
8.5 , 9.4516129 ,
R.35555556, @.46153846,
8.375 , ©.84347826,
£.451612% , @. )
£.58974359, 9.31632653,
£.17391304, 0.68611111,
2. , 9.625 '
8.26538612, @.4516129 ,
8.61666667, @.71794872,
B.625 , 0.34762649,
B.41935484, @, '
B. 76923077, @.21428571,
2.GR869565, @.575 »
. y 0.75 )
£.2244898 , @.41935334,

|

0.4516129 , B. :
0.38461538, B.48979502,
0. , B.41666667,
0, , 0.375 ;
0.43877551, £.4516129 ,
0.46666667, B.51262051,
0.5 . B.13843478,
0.4516129 , B. :
0,61538462, B.28571429,
0.2173913 , B.65277778,
0. , 8.625
0.24489796, 0.41935484,
0.58333333, ©.74358974,
0,625 , B.47826087,
0.41935484, B, ’
0,74358974, £.208400163,
0.73913843, 8.57222222,
0. , 0.625 a

a. ;
@.4516129 ,
0.41025641,
a. 3
. ;
0.37755102,
0.57% X
0.5 5
0.4516129 ,
8.65666667,
9.30434783,
e. y
0.2244898 ,
6.577177778,
0.75 i
9.38709677,
9.69230769,
8.69565217,

|

1,176 Features

Edge Impulse Inferencing Demo

Edge Impulse standalone Inferencing (Arduina)
run_classifier returned: ¢

Timing: DSP @ ms, inference 2024 ms, anomaly ® ms
Predictions:

value:

0.36065
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static_buffer | Arduino IDE 2.3.2

L Bl
9 © 6 I

static_buffer.ino
16
17 /* Includes ————- e et et ettt bttt eetsee - Y
18 #include <LoBa_Temp_Prediction_—_LSTM_inferencing.h>
19
260 static const float featuresl[] = {
21 ©.38461538, 9.48979592, 0.4516129 , O. , 8. %
22 0.04347826, 0©.47777778, @.38461538, 0,48979592, 0.4516129 ,
23 0. , 0. , 9. , 0,41666667, 0,41025641,
24 0.5 , 0.4516129 , 4. , 98.375 )8 g
25 0.35555556, ©.46153846, @.43877551, 0.4516129 , 0. ;
26 0.375 , 0.04347826, @.46666667, 0.51282851, 0.37755182, 1
27 09.4516129 , 0. , 8.5 , 0.13043478, 0.575 j
28 9.58974359, ©0.31632653, 8.4516129 , Q. 5. DD ;
29 9.17391304, 0.68611111, ©.61538462, 0.28571429, 0.4516129 ,
20 In) N _&OK A 9192012 A _ER7T1I970 N EECEEERT
Output  Serial Monitor X ¥y 0O =

Message (Enter to send message to 'XIAD_ESP3283" on /dev/ou,usbmodem 10 BothNL&CR ~ 115200baud =~

Edge Impulse Inferencing Demo
Edge Impulse standalone inferencing (Arduino)
run_classifier returned: ©
Timing: DSP 8 ms, inference 2024 ms, anomaly @ ms
Predictions:

value: 8.36865

L indexing: 14/48 Ln 286, Col 18 XIAQ_ESP3253 on /dev/cu.usbmodenm 0t (3 2




; winddirDegree J y

‘ ‘ 'windspeedephL BEEE o
'precipMM’ — =
' > @ seeed studio
Fu‘ture

Model: XIAO-ESP32-S3
I m ® FCC ID:Z4T-XIAOESP32S3

: " 'uvindex' —
@‘ | - Ema] FE C€ Temp o

ltempcl SCL K
'humidity’ e L
'pressure’ . o RINNRERRRENRNTEN

Temperature
e i a ) 2 )

Humioh‘ty % Da‘ta

}?ress‘fre B Row Sensor Norwalization & Data — Ekerene
Praspitatin—— S | Dot Rendbing [ BuPfer T | Flattening

u:Iwolex ST - (# days x 29h) (1,176 Features) \l/

ind S S
Wind Direction A esca I'\? Fu’tur‘e_

: nference = ¢
Training data_min -’ —— results ke

L dato_mox
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LLM / SLM

Large Language Model / Small Language Models

LLMs are specialized deep learning models designed to understand and generate
human language, used for tasks like translation, summarization, and generating
human-like text responses. SLMs are the same, but use a simpler, less
resource-intensive approach (smaller in size).
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models (or artificial neural networks)

. . . . Encoder Decoder
* Autoencoders: Used primarily for unsupervised learning

tasks such as dimensionality reduction and feature
extraction, autoencoders learn to compress data from the

input layer into a shorter code and then reconstruct the
output from this representation.

* Transformer Models: Highly effective in handling sequences, transformers use mechanisms like
self-attention to weigh the importance of different words in a sentence, regardless of their position.
The Transformer architecture, while innovative, can be seen as a derivative of earlier deep learning
models, particularly those based on the concept of sequence modeling. However, the most direct
lineage can be traced to the sequence-to-sequence (seq2seq) models that utilize
architectures. These earlier seq2seq models were often built using

or their more advanced variants like
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— Large /Small Language Model

Large Language Models (LLMs) and SLMs are
advanced neural networks based on the

that excel in
understanding and generating human language.
They represent a significant evolution from earlier
sequence-based models like , Which surpass
them in handling long-range dependencies and
parallel processing efficiency.

Prof. Jesus's Presentation about IA: ﬁ ‘E
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https://www.200ok.ai/blog/slm-vs-llm-understanding-the-differences-in-language-modeling/
https://youtu.be/zwzZR2i5eYI?si=utvIN1QYEKrb_efu
https://tinyml.seas.harvard.edu/SciTinyML-24/assets/slides/jesus_slides.pdf

Transformers to LLMs and SLMs

Open Closed

[ Phi =. Mixtral H LlaMa ml Gemini (5 GPT Claude
Output
2 O 1 7 Probabilities
Evolutionary | =t
T @ G — 'Ezm PT-4® M Ourassic-282  ([Claudd
@ OPT-IMLIP v |
ChatePT @ BLOOMZ|# Galacticals} @ 1
=
Feed Bo Gparrol© %
Forward BLOO| 8]
Open-Source ZIQ Minervd G
G 0PT[o]
s 1 )\ Add & Norm Closed-Source D PaMG
—{_Add & Norm = B [Chinchilld©®
Feed Nkjtitl_??ad InstructtPTI e G0
ention & LaDAG
Forwerd ) i &2 = GO\ e o EOuEs 06 T s
N Add & Norm z
f_>| Add & Norm | VEeCE GPT-[a]
Multi-Head Multi-Head & GPT-Neols’
Attention Attention ey S
Tt 7 L W - >
) CE— e/ 7 mT5(C]
\ J y, g
Positional Positional (2020) B 2 |
Encoding Q ¢ Encodin o WG -
9 RoBERTILY| XLNetc oen sarce 11| &
Input Output  aae _V &5 TEG Closed source 31:. g
Embedding Embedding (2019) \ PR | x,,.f%% ——
\'r/,.,, 3
T 1 m‘\ JULMFL ER Decoder-Only P11 5 g.
Inputs Outputs (2018) 6 00
i ] 3 20®
(shifted right) R " : . 2
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Running Large Language

THIS IS EASY, ) .
4 q of il Bl = Models on Raspberry Pi at
2 _ -
Op: i |[[@] theEdge
uvuy \ ( / « —
B3 - FlEs “ °t | Transform a Raspberry Pi
] into a powerful Al hub,
e running SLMs for real-time,
~t on-site data analysis and
i ! 4 1 o o o
l N insights using Ollama and

Python.
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https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11

L] o marTelo_roam — auroe s Mepe- 5: - - woh mprose e -2 ool — 8Ix10

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.

e - e e e e e e e e e e e e e e e e e - ——

>

. \
I 1
' " " |
| \ |
' Cty and Coun’tr‘y 1
! 1
! |

- Python '

Li. —> Latitude ——> Yt
—> | UM | —> M

i
I
I
I
I
i
]
I
I
I
\

Distance between
Image —> Longitude 2 and local city
cie_scr}p‘t}on /]\

Local Latit ude

SLM Model: LlaVa — Phi3 oo Lamgfinils
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the c?’ty n the imo«je
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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

v.v tokens™™, whose overall performance, as
~ 350 pages measured by both academic benchmarks
‘ and internal testing, rivals that of models
such as Mixtral 8x7B and GPT-3.5
~ 300 words/page . X X

< *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/

.@.

Ollama

(2.9 GB)

File Edit Tabs Help

> Awswer with on
e in Km from tis
The capital of France i
from Santiago, Chile.

python calc_distance_image.py
iments/0OLLAMA/image_test_1.jpg

The image shows Paris, with lat: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.

mjrovai@rpi-5:

python calc_distance_image.py
/Documents/OLLAMA/image_test_3.

The image shows Machu Picchu, with lat:-13.16 and long: -72.54,
located in Peru and about 2,250 kilometers away from Santiago,
Chile.

[INFO] ==> The code (running llava-phi3),
7 seconds to execu

mjrovai@rpi-5:


https://ollama.com/

TinyML: Why the Future of Machine Learning is Tiny and Bright

GPT-2\ ¢/ :
' . GPT-4§'/
BERT o
\"/ :

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

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

“MACHINE LEARNING SYSTEMS for TinyML” 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-2023.1
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/

E

UNIFEI



