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El contexto cientifico
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Industria 4.0 & Sociedad 5.0
Nuevo status quo

Convergencia de negocio, procesos y estandares de gobernanza como
Industria 4.0 y Sociedad 5.0
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EE_) Pay as You Go
Produccion en masa Comprar Pago por adelantado Manual

Personalizacién masiva Leasing Pago por uso Auténomo
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loT enables industrial and socioeconmic process transformation
Al+loT

AloT brings sensors, machines, cloud computing, analytics and
people toguether to improve productivity and efficiency

Manufacturing Agriculture Policy-makers Natural disaster
Management & prevention



Resultados para las empresas- La principal
motivacion detrads de la digitalizacion

11 | =ml
Nuevos servicios Productos que Mejora de I Incremento de Toma de DiSCiplina basada
y modelos de mejoran con el relaciones con los | eficiencia decisiones en datos
negocio tiempo clientes inteligentes

[
Crecimiento de los ingresos | Eficiencia operacional

Los datos de IoT conducen a crecimiento de negocio [ Los datos de loT reducen los costes operacionales



A5 UNIVERSITAT
Sl[ll5F) PoriTECNICA
’%/ DE VALENCIA

e
GLOBAL@ T

No body just buys “Al”... or “loT”
.... they seek bussiness outcomes




Innovacion gracias a la intersecciéon Al/ML e loT
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Progresion hacia la concienciacion
industrial de la IA

Cognitivo
1 Alto valor estratégico
* Enriquecimiento del disefio del
producto
* Mejora de la calidad del producto
Fdcil de implementar * Optimizacion de los procesos
* Cadena de suministro digital
* Mejora de la sequridad de los Complejidad del
trabajadores modelado ML
* Reduccion de pérdidas
* Mantenimiento predictivo
* Mejora de la operativa del equipo
Manual

Rutinario No rutinario
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ML en datos generados por el loT
es complicado

ML is all about data

Los datos generados por las maquinas
muchas veces son liosos, no representan
la realidad por no hablar de los fallos....

loT devices deben reportar los datos en formatos
Simples para ser flexibles para la abstraccion de
funciones

* Falta de etiquetas, contexto y relaciones: Los sensores
s6lo mandan datos simples (float, int). Se debe construir el
contexto de esos datos para afadirlo.

* Datos de mala calidad e integridad: El 10T tiene recursos
limitados y en algunos cosos de mala calidad o en
situaciones muy desafiantes tecnolégicamente.

* Distinguir desviacion de variacion: Se necesita un analisis
de datos avanzado para distinguir causalidad de casualidad.

* Datos con muchas dimensiones: Se refiere al nUmero de
parametros independientes en el analisis. Cuantas mas
variables los métodos de ML son computacionalmente mas
costosos
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Alinear las técnicas ML con un propdsito/funcion

Supervised Machine learning

* Usado comunmente para alcanzar un
objetivo predefinido basado en funciones
algoritmicas que conectan la entrada con
la salida.

* Dadas las entradas adecuadas , se puede
predecir las salidas usando nuevos datos.

* Entre los modelos destaca método de
regresion lineal, auto-regresivos (AR)

* Aplicable a series temporales
mantenimiento predictivo, temperatura,
vibraciones ...
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Alinear las técnicas ML con un propdsito/funcion

. . . Classificacion
Supervised Machine learning f

* Asume que los datos pertenecen a
unas categorias bien defindas.

* Aplicable a modelos basados en
contextos donde se quiere determinar
la causa (e.g. meteorologia, habitos de
consumo)

* Entre los modelos destaca K-NN, SVM,
RF, ANNSs

* Aplicable a conjuntos de datos con
multiples rangos.
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Unsupervised Machine learning

* Asume que no se conocen el resultado
final.

* Entre los modelos destaca [Clustering]
K-mens, FCM, FM; [Visualizacion vy
reduccion de la dimensionalidad] PCA,
etc.

* Muy efectivo para l|la mejora de
procesos y calidad de producto.

* Complejo de implementar en data sets
de alta dimensionalidad.

Clustering
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Limpieza &
Recogida & Cotejo Contextualizacion

@ Historico
de dato\s

\
\
\
\

Pub/sub._ _ _1 I

/,‘ _'lll.'|||—
((C)) Streamir/:g

Agregados de diferentes
fuentes, estructuracion y cotejo
de datos segun ventana
temporal. http, MQTT, API rest.

Separar sefnales de ruido,
limpieza, enriquecer y
preparar datos de loT.
API notification
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blocks

Optimizacion Andlisis &
estructura Visualizacion

Almacenamiento de los ML models training &
datos procesados, andlisis  inference. Sklearn,
de series temporales y RAPIDS, Tensor Flow ....

reutilizacion de datos en
crudo. Elastic Search. In-
memoria database
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All that glitters is not gold: “Performance and
energy tradeoff



A58 UNIVERSITAT
‘U7 poLITECNICA
P2/ DE VALENCIA

GLOBAL%

Data, Performance and Energy tradeoff

Performance

Computing
D E
ATA /Energy power




Ecological
impact of HPC
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Ecological
impact of HPC
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Ecological
impact of HPC

* Source: Zwart, S. P. (2020).

The ecological impact of high-
performance computing in
astrophysics. Nature 107

Astronomy, 4(9), 819-822.
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efficient approach for loT

Source: https://www.muycomputerpro.com/
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..but edge is low-power and low-performance

Nvidia Jetson AGX Xavier: Coral Google Nvidia Jetson Nano

« K$ « 150 9% « 1009%

« 10W-15W e 510 W « 5-10W

« 32 TOPS « 4TOPS « 472GFLOPS

« 136.5GB/sec « 25.6GB/s

v" Low Power and Low Performance. Arduino
v Is it enough? -> No, at the moment. - 109
v’ Virtualization tech. may help. © W




Using Remote GPU
Virtualization Techniques to
Enhance Edge Computing
Devices




Remote

virtualization
through rCUDA

* Please visit
http://www.rcuda.net/ for details

Client side | Server side

Application

N
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CuD

>

API

client engine

server
engine
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http://www.rcuda.net/

Experimental
setup

* @Gas sensors for home activity
monitoring Data Set

* https://archive.ics.uci.edu/ml/d

atasets/Gas+sensors+for+home+a

ctivity+monitoring

* 919.438 points.
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https://archive.ics.uci.edu/ml/datasets/Gas+sensors+for+home+activity+monitoring

Fuzzy minimals (FM) algorithm

Algorithm 1 Fuzzy Minimals algorithm, where X is the
input dataset to be classified, V is the algorithm output that
contains the prototypes found by the clustering process. F is
the dimension of the vector space.

[==1

: Choose =, and =, standard parameters.
2: Initialize V = { } ¢ RY.

3: Load_Dataset(X)

4: r = Calculate_r_Factor(X)

5 Calculate_Prototypes(X,r,eq,89, V)

mF Z 1—1—72(12

rm
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Execution time (seconds)

Performance at local GPUs

20000
18000
16000
14000
12000
10000
8000
6000
4000

2000

 mfl]

—ml |

AGX Xavier

Kepler

Local GPUs

Pascal

B 10K rows
B 20K rows
O 50K rows
O 100K rows

Volta

28



Performance using virtual GPUs
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Execution time (seconds)
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Execution time (seconds)
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Execution time (seconds)

25000

20000

15000

10000

5000

Execution time & Energy
consumption

100%

{ COGPU Util = @ AGX Xavier e=jil==rCUDA }

90%

80%

70%

60%

50%

40%

30%

20%

10%

0%

1 2 3 4
Amount of (virtual) GPUs

GPU utilization

Energy (KWh)

o

N

o
.

o
[N
.

o

S

«n
.

0.1 A

[C—1Remote
B Local

= « AGX Xavier

2

3

4 5 6

Amount of (virtual) GPUs

32



Average power consumption
(Front-end Vs. Back-end)

128 — W Power Front-end
O Power Back-end
70.31 73.54 75.13 75.72 75.80
64 1 54.53
32 A
16 -
= 10.15
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g | .
4
2
1
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Conclusiones

v’ Remote virtualization of GPUs can be a good solution to
increase computing power without increasing the power
budget of edge devices.

v' We report a performance gain of up to 3.1x speed-up factor by
just using a single remote GPU running multiple virtual GPU
instances on it.

v’ The power consumption of the edge device is reduced by up
to 30%, obtaining up to 80% of energy savings by delegating
the GPU workload to the back-end as its GPU can remain off.

34



Al-enabled autonomous
drones for fast climate
change crisis assessment




Phases of disaster management

DISASTER
*

Disaster
A Management
Preparation Cycle Response

After Event

@ Before Event

D

Mitigation Recovery
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Reducing the number of images...

* ... To be processed by humans = Early response and decision making

* ... to decrease the communication bandwidth requirments

Fig. 2: Al-pipeline for the latent space clustering extracted from the autoencoder.




Fig. 3: Classes within the AIDER dataset
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. 4, a - ‘< a

(a3) Data points for flooding images (blue), and ofers (b) tmages comesponding o data points

(areen)
Fig. 4 Data points and images after running the t-SNE algorithm

‘. . e . a a < a

(2) Data poings of Images (hdar ), others (green), (b) Images closer to e prototype found by FML
dm;mtyhmwm o

Fig. 5: Data points and images after running the FM algarithm.
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Execution time (secs.)
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TABLE [ Specification of the vanous GPU platforms used in our experiments.

Pedra Jetsom AGX Xavier Jetson TX2 Jetsom Nano
crU Intel Sther 4216 NVIDIA Carmel ARMYE2 | ARMYE | ARM Corex A5 MPoom
2RGPU (NVIDIA) GeForoe RIX 2080 T1 Volta Pascal Mxwell
Memory [Gb] 12 DORS 2 LPDDR4&X % LPDDRA 4 LPDDRA
Ste [mm) NA 105 x 105 ©0x £ 70 x 45
Weight [g] NA 280 &S 61
Exergy comsumption (W) NA 10-30 75 3s
.10‘ 1 1 1 1 1
’lo’l 1 1 ! : . . . % 5121 e doGpu -
1.59-10° y— 2,000 -|UDCPU i
: 1 7
g 2| 2 1500} W i
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v
i 04,044 83 |l E Z 1000} i
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Device Device

(2) CPU training time (30 epochs)
Fig. 7: Execution time for the auto-encoder’s training stage.

Performance evaluation

(b) GPU training time (30 epochs)

Fig. 8 Inference comparison of GPU/CPU for the entim

dataset
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v Autonomous UAVs could play a "key role" in addressing the
consequences of climate change.

v'The intersection between Al and edge computing is undoubtedly the
answer today, allowing to make autonomous drones a useful tool under

different emergency situations.

v'An Al-based pipeline to be run on edge computing platforms to enable
efficient processing of drone images of natural disasters.

v'Our results reveal that edge computing is a compelling alternative for
processing these heavy computational workloads.
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