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3 retos que abordar en iniciativas de |A

Diseno
Como disenar el Portfolio de Iniciativas

Ejecucion
Como abordar la Gestion del Cambio

Evaluacion
Como medir el Potencial y los Resultados




1. Diseno El caso de éxito de Ricoh
El proceso original

Human Helpdesk
Dispatcher Team

&
>

Ricoh Customer Service

S

l
Incidents @é} N B@

Automatic SAT
Overflow Team




1 Diseno

Cambio de mindset

Explorar los procesos
con una nueva
perspectiva

Mindset Vision analitica
tradicional
Workforce Machine Learning

//
Transmision de .{aﬂ Transmision de
Conocimiento = > Conocimiento

tradicional

desde los datos

oD

-

Decision Engineering:

Toma de decisiones inteligentes en un entorno Operacional

Intensivo

—




1. Diseno El caso de éxito de Ricoh
Los procesos: |la fuente de las iniciativas de Al




2. Ejecucion
La cocina del algoritmo

Modelos evaluados
+1.000
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El caso de éxito de Ricoh
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3. Evaluacion El caso de éxito de Ricoh

El resultado

D e c i S i o n = ~ Evaluation tested with subset 5 of Ricoh_Entrenamie... (<N O]

LRI
= I =N &

m =
n g I n e e rl n g [ ] Positive class: | Solved by Phone |v | Probability thr : ) } 50%

Max. phi: 0.6543

Toma de decisiones TpDOER B
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. . .
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Caracteristicas del Dispatching
Bot

+ Conocimiento encapsulado
+ Rapido (msecs)
+ Atributos (loT) 65gv 05284 sds0

+ Escalable (Cloud)
+ Disponible (DevOps)

74.4% 79.0% 0.645
o

rrrrrrr Recall Phi coefficient

13.6% 35.3% 223.7%
Lift

FPR % positive instances

True Positive Rate (TPR) 78.99%




2. Ejecucion El caso de éxito de Ricoh
El proceso actual

Helpdesk
Ricoh Customer Team
Service

Incidents Dispatcher
Bot

l
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El caso de éxito de Ricoh

3. Evaluacion
Como medir el Potencial y los Resultados

& conf Hist X User Access Hola deverdatal Logout

Evaluacion del Modelo 334 dias

Powered by CleverData 2018-06-01 hasta 2019-05-01

103,484 29,218 (28.2%)
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Conclusiones
Como abordar los tres retos de la Inteligencia Artificial

en términos
economicos
Ajustar el
algoritmo para

Medir el potencial /

mejorar elg/J

(

~

3. Estimar
y Validar

el ROI

El caso de éxito de Ricoh

(o Revisar procesos )
1. Roadmap o

de Iniciativas

Buscar tareas
criticas
Cambio de
mindset

J

/ 2. Gestion
del
Cambio

* Equipo de proyecto
* Mejorar el proceso a
través de los datos

~N
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~ Agenda
' DATANCIA

* Introducion a HP Monitorizacion de equipos
Barcelona

* Objetivos

* Nuestro negocio : <
« Segmentacion

» Service and Support » SPC multivariante

* Learnings from project » Monitorizacién de fallos

DATANCIA /
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+2300 +150 patents per year
employees
61 12

: _ + different businesses
different nationalities
+30 years VWW HQ of the 3D Multi

Jet Fusion and Large Forme jg

Largest HP R&D Printing Businesses
Lab outside the US
EMEA HQ

of the Graphic Solutions
Business

; T
- © Copyright 2019 HP Development Company, L.P. The information contained herein is subject to change without notice.

+ /700 R&D engineers




|'. in Barcelona

@";,-

patents per year
employees

different businesses

different nationalities

- of the 3D Multi Customer Support
Jet Fusion and Large Forme Eé);;:i)stic Bpeaiohs
Printing Businesses :
Largest HP R&D g Finance/Credit &
Lab outside the US Collections
Sales Operations
of the Graphic Solutions | Sales -

R&D engineers :
S Category & Marketing

Demo & Training g

© Copyright 2019 HP Development Company, L.P. The information contained herein is subject to change without notice.
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o yrmation
f«_@f: Reactive Service to Proactive, Predictive and Prescriptive.
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Learnt

1. Not all data is useful.
2. Embed outcome in business process.
3. Flexible mindset to solve complex problems - failure an option.

23



Learnt

1. Not all data is useful.
2. Embed outcome in business process.
3. Flexible mindset to solve complex problems - failure an option.

Data Products Any deliverable whose primary objective uses data to facilitate an
end goal.
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Learnt

1. Not all data is useful.
2. Embed outcome in business process.

3. Flexible mindset to solve complex problems - failure an option.

Data Products Any deliverable whose primary objective uses data to facilitate an

end goal.
All projects within team developed and delivered as data products:
« A clear definition is key — must include objective, transformation of process,
delivery methods and data sources.
* Product developed iteratively — starting simple, validating and building upon.
« Defined roles, responsibilities and deliveries for product owner, business and
data team — closer collaboration.



DATANCTA

Monitorizacion de equipos

* Objetivos

« Segmentacion

« SPC multivariante

* Monitorizacion de fallos

DATANCIA /
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Desarrollo de un sistema de ayuda a |la decision para los ingenieros de soporte.
El objetivo es identificar las impresoras industriales que precisan revision en
funcion de su desviacion respecto a su funcionamiento habitual.

Esto incluye:

1. La segmentacion de los equipos de impresion en funcién de su uso,
patrones de errores o variables demograficas de los usuarios.

2. El desarrollo de un SPC multivariante (Statistical Process Control) para
caracterizar el comportamiento “normal” de una impresora.

3. Laimplementacion de un analisis de TTF (Time to Failuresk) para
caracterizar la distribucion de los tiempos hasta el fallo de cada maquina
identificar aquellas que se desvien de lo esperado.

DATANCIA
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DATANCTA

Monitorizacion de equipos

* Objetivos

« Segmentacion

« SPC multivariante

* Monitorizacion de fallos

DATANCIA /
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Consumo de tinta.

Consumo de media.

Caracteristicas de los “jobs”.

Firmware.

Numero de ciclos (“cuentaquildmetros”).
Availability y performance (OEE).

Tiempo de impresion.

© NS Ok 0 bh =

Errores.

.

DATANCIA /
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clusteres

Cluster Dendrogram
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Dim1 (33%)

DATANCIA
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clusteres

size 36% 16% 22% 26%
usage 7 31 7 6
no. jobs 30 40 20 20
variability 0,31 0,07 0,09 0,06
failures 3 2 6 4

La segmentacion permite la implementacion de diferentes estrategias de

seguimiento por cluster

DATANCIA

EEEEEEEEEEEEEEE
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DATANCTA

Monitorizacion de equipos

* Objetivos

« Segmentacion

 SPC multivariante

* Monitorizacion de fallos

DATANCIA /
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MediaTypel
MediaType2
MediaType3
MediaType4
MediaType5
JobTime
Ink1

Ink2

Ink3
ScanCycles
PrintingTime
Entropy
MediaSwaps
JobsPerSwap
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Dim.8
Dim.9

- = = v -

0.93

0.76

0.58

0.4

r0.23

r0.05

-0.84

Las variables de uso de una maquina pueden resumirse en tres variables
latentes:
1. Volumen
2. Variabilidad de los “jobs”
3. Tipo de papel usado
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erinicion

Las variables de uso son “resumidas” via un Analisis de Componentes Principales (PCA) y asi
identificar un numero mas reducido de variables latentes que reflejan el uso del equipo (t,, t,,...)

« Se calcula el estadistico T2 Hotelling como resumen de todas la variables latentes y el SPE (Suma
de Errores de Prediccion) como monitorizacion del ajuste

« Se establecen limites de control para la T2 y el SPE. Los primeros monitorizan el valor conjunto de
las variables latentes, los segundos el mantenimiento de la estructura de correlaciones.

Machine t2 Hotelling
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Variables anormalmente extremas

30

Machine t2 Hotelling

____________________________________________________ .
s —0— 09— % g _g—*—0" ““'~$_rt—0—-"". ®—e—0—0

I I 1

35 40 45 50

Week

Machine SPE

JobsPerSwap
MediaSwaps 7
Entropy
PrintingTime
ScanCycles
Ink1

Ink2

Ink3

JobTime
MediaType1
MediaType2
MediaType3
MediaType4
MediaType5

Valor de |la variable estandarizado
(entre -2 y 2 son normales)

o —

DATANCIA

EMPOWER YOUR DATA
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https://app.powerbi.com/groups/me/reports/54a725df-1aad-41c8-beed-2cafda13b28d/ReportSection9832da7455d071413308?ctid=c1d4033f-c573-46e3-b5ed-fa29dd6191b1

Rotura de la estructura de correlaciones

Machine t2 Hotelling
Week t-2 Week t
e 1
i I s
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o e e eee et _ee—e—*"t—e_e_s-" PerSwap — o —
I * T MediaSwaps i —r—
- 35 40 45 50 Entropy
PrintingTime I h
Week ScanCycles _-. }
Ink1 |
Ink2 .- |
Machine SPE Inks3 | |-
JobTime ]
MediaType1 - -_
. o ® B MediaType2 | |
A LA MediaType3 I. !
= : T I T f T T T 1
4 -2 0 2 4 2 0 2 4
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DATANCTA

Monitorizacion de equipos
* Objetivos
« Segmentacion
« SPC multivariante

e Monitorizacion de
fallos

DATANCIA /
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Identificacidn de grupos de maquinas

0.7 =

0.6 -

0.5 -

Proportion

0014 =
por2 4 ——
0236 o —

Average Error Rate

oars - -
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Seguimiento de fallos

Asignacion probabilistica (método Bayesiano) de la impresora a un grupo de frecuencia de

errores.

Ejemplo: La impresora ABC en la semana 48 ha tenido 1 error en las 10,007 horas que ha

trabajado.

Average
Cluster g Proportion Probability
error rate
,f a} ﬁj ﬁjﬂ(ﬂitlgit = ¢}-jﬂ
i = —
E‘j:l P}-ﬂ'{ Ditlgit - ¢}]
1 0.000 0.202 0.000
2 0.014 0.623 ( 0.574 )
\/
3 0.072 0.150 0.387
4 0.236 0.024 0.039
3 0.880 0.002 0.000

DATANCIA

EEEEEEEEEEEEEEE

/



Seguimiento de fallos

Ejemplo: La impresora 1 en la semana 48 ha
tenido 1 error en las 10,007 horas que ha

trabajado.

Printer #1

08 7

04 7

Failure Rate per Hour

032

0.2 4

0.1 7

Week

Ejemplo: La impresora 2 en la semana 48 ha

tenido 9 errores en las 95 horas que ha

trabajado.
Printer #2
DATANCTA

EEEEEEEEEEEEEEE

/



igan

enior Data

'S

Cost

>« n

entist

Cl

a0




BIG DATA: Al G atdltoris AXA Baeclona
CONGRESS DYQ

www.bigdatacongress.barcelona
@CoEBigData - #BIGDATAAI19

Asier Rodriguez
[ead Data Sciencist
Olocip

olocip.com

a atrocinadores Oro: Patrocinadores Plata: Patrocinadores Bronce:
ORGANIZADO POR: BIGDN_AC E X ju o arcelona : ATIN Generalitat de Catalunya m1insait
TR hyeugw >o ' ; A]art:e o‘r:a Al % CalxaBank

NG % A . : )
ID Departament de Politiques Digitals Q esade  @)ica  intohive  MichaelPage
WU i Administracié Publica Anlndra company




o/
olocip

Artificial Intelligence in professional foothall

Asier Rodriguez
Lead Data Science at Olocip
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Al THE NEW ELECTRICITY

NETFLIX

Netflix uses machine learning to generate many variations of high-probability click-thru image thumbnails that
it relentlessly and continuously A/B tests throughout its user base —for each user and each movie—all to
increase the probability that you will click and watch.
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TECHNOLOGY IN SPORTS

1950 2019

Live performance GPS

. N\
w VAR

Real Time

Multi Camera

On Time Tracking

Data
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FROM BIG DATA TO Al

9

(N

Data
% Better decisions

BIG DATA

\ / Information
e

DESCRIPTION DIAGNOSE PREDICT SUGGEST

92 Why has it h ? : o  What can | do to make it
What has happened: y has it happened What will happen panpen what | want?

< olocip



Olocip Managing Team

Esteban Granero Gaizka San Vicente Concha Bielza Pedro Larranaga
CEO & FOUNDER GT0 & CO-FOUNDER TECHNOLOGICAL PARTNER TECHNOLOGICAL PARTNER
Professional football Player PhD in Industrial Engineering Al Dept Professor Computer Sci. & Al Professor

"Unlike the current descriptive “Artificial intelligence “We are able to investigate “We transform
analysis techniques that are being enhances human the science of the game and spatio-temporal data into
carried out, the use of Al allows capabilities” use the information to understandable predictive
Olocip to satisfy predictive and analyze, predict and take models, which provide useful
prescriptive dimensions” better decisions” knowledge in a future context”

< olocip


https://www.bestofyou.es/jugadores/esteban-granero/
http://cig.fi.upm.es/CIGmembers/concha_bielza
http://cig.fi.upm.es/CIGmembers/pedro-larranaga

OLOCIP APPROACH

Production
w&;%
S—— T
1 5o
Preprocessing Validatior —

e Ethics
o Interpretability, transparency (The 23 Asilomar Principles on Beneficial Al, Dec. 2017)

e Human-in-the-loop

< olocip



Meaningful
Compression

Structure
Discovery

Dimension
Visualization Reduction

Unsupervised

Anomaly Detection Learning

Style of Play

Player Type

Clustering

Coach Type

Machine
Learning

Football Science Instructions

ML IN SPORTS ANALYTICS

Injury
Prevention Goal
Prediction
Supervised Market Value
Learning Time Series Forecasting
Player Transfer

Progression

< olocip



Al MODEL
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RESULTS: Descriptive Vs Predictive

Descriptive analysis ~ 0,177 goals

a )
Predictive analysis > 0.357 goals

. _J
2018/2019 season > 0.361 goals

< olocip



RESULTS

Goal kick prediction (Pre match)

< olocip



OLOCIP SPORT SERVIGES

Al DEPARTMENT
Inhouse development

SOLUTIONS KNOWLEDGE
Systems installation and training Tailor made

< olocip



TCT DOC

Players
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oo [

Past-match
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Table injury
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Global injury
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Specific injury: quadriceps
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TCT COACH

2y, TCT - coach
fjl olocip

Hello, Global Administrator Olocip 8

Choose match file: MANCI-JUVEN-150915

Player

Choose objetive

Objectives

‘ Maximise the chance of scoring

Team

-

[ Execute

Goal probability

27%

Manchester City

19%

Juventus

Video Plmms |© P2hosn |O

th
-

\

L o928 VIS 1-0

'}4 J\\_JEFA-C;A'MRP‘IC‘)NS LEAGUE| B — A =

ol
L

R

‘e 3. -
' '
" ¥ an 'y
R

1=

Match Events

//

Load Match

2 i yFye sl
| W Tl A TIRE )

PJ’AI This Is For The Players

Instructions

© Maximise the chance of scoring

From B8 55

To

Advanced m

Instruction Configuration

Improvement

Team's permeability High

+2.2211%

Block rival pass lines Low

+0.3532%

Long passes ratio High

+0.1483%

Team width High

+0.1481%




TCT SCOUT

Similar Player

TCT - scout
olocip

My Player Progression Player Transfer Scouting

Player of reference

Season League

Hello, Global Administrator Olocip 9

Search Similar Descriptive Library

@ Consultations left: 729

Team Player

[2018 3] [Spanish La Liga

¢] [Atlético de Madrid ¢] [Antoine Griezmann

League filter

Statistics (The relationship between the variables will enable or disable different selection options.)

(e Argentina Superliga’ (e Belgian Jupiler Pro League (o Brazilian Serie A’ I@ Chinese Super League (o Dutch Eredivisie

(e English Football League - Championship (o English Premier League (o French Ligue 1 (e French Ligue 2 (o German Bundesliga’

(e German Bundesliga Zwei (o Indian Super League | (o Italian Serie A’ (e Italian Serie B’ (e Portuguese Primeira Liga’ (e Spanish La Liga’
(0 Spanish Segunda Division)

'@ Aerials lost | (@ Aerials won | (@ Assists | @ Back passes | @ Ball recoveries @ Blocked passes @ Build Up Play (@ Challenges

(o Clearances ' (o Crosses (o Dispossessed (o Errors | (o Expected assists ' (o Expected goals' (o Fouls won (o Front passes (o Goals'
(o Interceptions | (o Launches (e Lay off passes (o Long passes (e Pull backs | (o Shots (Q Successfull passes ' @ Switches of play

(o Tackles lost’ (o Tackles won (0 Takes on lost (o Takes on won (o Turnovers (o Unsuccessfull passes |

Similar players

League

Submit

|

Position

J -

League German
Bundesliga

Team Borussia
Dortmund

Position Winger

Age 29
Min. Played 2425
Value 46.922.000 €

93%

Degree of similarity

[ Add to Scouting ]

[ View in Descriptive ]

30 years

Value min (€)

|0

Andrej Kramaric

League German
Bundesliga

Team TSG 1899
Hoffenheim

Position Striker

Age 27
Min. Played 2468
Value 35.529.000 €

93%

Degree of similarity

Xherdan Shaqiri

League English Premier
League
Team Liverpool

Position Winger

Age 27

Min. Played 1130

Value 24.909.000 €

92%

Degree of similarity

Daniel Sturridge

League English Premier
League
Team Liverpool

Position Striker

Age 29

Min. Played 571

Value 13.077.000 €

91%

Degree of similarity

Value max (€)

Min. Played

[ 50.000.000

353 mins

Kevin Volland

League German
Bundesliga

Team Bayer 04
Leverkusen

Position Second Striker

Age 26
Min. Played 2884
Value 32.455.000 €

91%

Degree of similarity

[ Add to Scouting ]

[ Add to Scouting ]

[ Add to Scouting ]

[ Add to Scouting ]

[ View in Descriptive ]

[ View in Descriptive J

[ View in Descriptive ]

[ View in Descriptive ]

Florian Thauvin

League French Ligue 1
Team Marseille

Position Attacking
Midfielder

Age 25
Min. Played 2716
Value 45.356.000 €

91%

Degree of similarity

[ Add to Scouting ]

[ View in Descriptive ]

Rall Jiménez

League English Premier
League

Team Wolverhampton
Wanderers

Position Striker

Age 27
Min. Played 3207
Value 35.404.000 €

91%

Degree of similarity

[ Add to Scouting ]

[ View in Descriptive ]

4 331 mins

Divock Origi

English Premier
League
Liverpool

Position Striker

Age 23

Min. Played 407

Value 21.497.000 €

91%

Degree of similarity

[ Add to Scouting ]

[ View in Descriptive ]

Spanish La Liga
Barcelona
Position Winger
Age 21
Min. Played 655
Value 40.425.000 €

91%

Degree of similarity

[ Add to Scouting ]

[ View in Descriptive ]

) Clear filters

Samuel
Chukwueze

a2

League Spanish La Liga
Team Villarreal
Position Winger

Age 19

Min. Played 1762

Value 29.284.000 €

91%

Degree of similarity

Age

Min. Played

Value

o]

[ Add to Scouting ]

[

Add t

[ View in Descriptive J

[

View in




TCT SCOUT

:B Player’s value increases -

oamane
5ME increase estimated

4.000.000 €

Market Value
Prediction

/\/ Revaluation of the player still
increases in the club, reaching
AN

300.000 € J1OME of market value estimation.

90.000€
2016/2011 2017/2018 2018/2019 2019/2020

*Player’s market value evolution over his career

< olocip



MEDIA

europa press

FUTBOL

Cristiano Ronaldo marco

1 . .
menos goles y dio mas

“asistencias en la Juve

como predijo la IA

vO'OCip

#OlocipPredice

TCT SCOUT

Futbol Motor Baloncesto Tenis Ciclismo Masdeporte QSEd QSKY Opinion  AS

{
-\

2 &N
. +
. ‘ A
» i && . » |
asig |

Una empresa de |A ya predijo el |
brote goleador de Benzema

El estudio de la compania artificial Olocip clavo los registros del frances teniendo en

cuenta diversas variables, entre ellas |la marcha de Cristiano.

< olocip
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