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Internet Of Things

Cloud Tier (CT)

Edge Tier (ET)

Sensors Tier (ST)

PSAN

WSANI 1

k WSANI 2

WSANI 3




Industry 5.0

Human-
centric
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TinyML

Machine Learning with TensorFlow Lite on
Arduino and Ultra-Low-Power Microcontrollers

TinyML -

Computer Vision
e Tensor flow lite micro

Pete Warden &
Daniel Situnayake

Instituto Tércio Pacitti de

)
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DO RIO DE JANEIRO urrs @ Computacionais



T

TensorFlow Lite

[1] Training

[2] Distillation
[3] Quantization
[4] Encoding

[5] Compilation

TinyML



Problem - not a new one

e Resource constrained environment
e Decision making
e CNN is the traditional way




Explainable Al

Epilepsy Detection Model with Brain MRI Data Butwny

Can | trust this
prediction?

@

Report:

Patient is
diagnosed
with Epilepsy
with %85
confidence.

e

Brain MRI data Complex ML model



Data Attacks
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Context matters!



Red Flags & Compliance

{ B - . Advertisement period
Fraud Prevention i il }“\)P\‘i‘a;?f“‘;“
and Detection . |

A\ Signature period
Warning Signs and the Red Flag System ; longer than 4days |8
™ Cost over-runs
o Wi

FRO0LRENENT

T

Twelve Red Flags:
Corruption Risks in
the Award of
Extractive Sector
Licenses and Contracts

]
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¥ o
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Rodney T. Stamler
Hans J. Marschdorf
Mario Possamai

Aaron Sayne, Alexandra Gillies and Andrew Watkins




Explainable Al

ML Algorithmic Trade-Off

High
“
Linear/Logistic T
E Regression g
e Prediction x Causality (?) ;E i
Naive Bayes
o Fairness: job salaries 2 =
. g . . o Wm Boosting
e Explainability x Prediction Accuracy £ T s
e SHAP, LIME, etc B
Low Deep Learning
Low » High
Accuracy
@9
higher 2 lower
base value model output
14.34 16.34 18.34 20.34 22.34 2441 26.34 28.34 30.34
-—-ﬂ,((( |
PTRATIO = 15.3 ' LSTAT = 4.98

'RM =6.575  NOX = 0.538 | AGE =65.2| RAD = 1



@ Existing interpretability methods, like LIME
and SHAP, are computationally intensive.

Mcohed
@ These met.hods may !ack robu.stness and P e
struggle with scalability, especially when e i
- - hiondes --+-
s ey +
dealing with complex models and large =
datasets. pesn w2 o
- e
_...

@ While they offer explanations for model
predictions, they may not always provide
comprehensive insights into the underlying
decision-making processes.

AP value lmpact on model outpes)




(1)Explaining Output both inference result and reasons

the reasons (inference factors)
for judgment ‘
- R o Inference result erfer‘ence .aTmS
i = = [u 7|
B +| P
i s nE
: :
H H
H H
. .
i............ .“.............E
Knowledge graph generates a logical path
(2)Explaining - from input to the inference result
the basis (evidence)
for judgment =

Explainable Al with Deep Tensor and Knowledge Graph



Is dataset available?
yes

-
<«
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MACHINE
LEARNING




03

02

—  red flags -

01

00

Knowledge Graphs

“Turn on the HVAC system. The room is empty but class will start
in 15 minutes and not working full load will save energy.”

“If students do not arrive on time, there is a chance the next class
will not occur.”
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Publications

e A multisensor prediction-based heuristic for the internet of things
o Journal Computing (2021)
o  We proposed an heuristic for adapting data prediction and data fusion techniques to preprocess data to avoid
unnecessary communication between sensor devices and sink node. We also compared (i) linear estimation; (ii)
Weightless Neural Networks; and (iii) Moving Average Convergence Divergence in the aforementioned context.
e APrediction-Based Multisensor Heuristic for the Internet of Things
o  15th ACM Symposium on QoS and Security for Wireless and Mobile Networks - Q2SWinet 2019
o  We applied an heuristic for increasing efficiency with many IoT devices in the same environment.
e Sensor Data Prediction Techniques for Nodes in loT
o  22nd International Conference on Information Fusion - FUSION 2019

o  We proposed a method for saving energy on loT devices by reducing the data transmission frequency using machine
learning.

e Modeling Sparse Data as Input for Weightless Neural Network

o  27th European Symposium on Artificial Neural Networks, Computational Intelligence and MachineLearning - ESANN
2019

o  We proposed a technique to reduce input size from a bag-of-words matrix and obtained faster and more accurate
classification results.



