Inteligencia Artificial para el

Analisis de Datos.
Retos, Estrategias y Aplicaciones

Un enfoque practico para proyectos de prototipado e innovacion



Un poco sobre mim e Fisico por entrenamiento

o  Lic.Fisica
o Maestria en Ciencias - Fisica
o  PhD. Experimental High Energy
Physics

e Cientifico de datos de profesion

o  Head of Data and Engineering
m  Demetria Colombia SAS

o  Google Cloud Certifications

Roger Galindo m  DataEngineer
m  MLEngineer



. Hay una

convocatoria USTED QUE HAHI.A

~

B

EICTO llama aunareuniény lanza la frase:
“...Queremos identificar temas y priorizar
respuestas de emails...”




;Quée perfiles necesito?

Front-End
Data Engineering
Data Analytics
Data Scientist Infrastructure
Devops
A
Q Security

Back-End



¢Como lo voy a hacer?

) Google Cloud Platform

: Streaming
- Cloud Apps
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Mobile Devices
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Push to Devices
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Messaging
(Rules Actions)
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Cloud Apps
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Report & Share
Business Analysis
Data Warehouse
(Execution Results) s
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Data Analysis
Datalab

;Cuales son mis fuentes de datos?
:Cuadl va a ser el flujo de datos?
:Qué modelos de IA voy a
implementar?

;Cuadl es el sistema de respuestay
escalamiento?

:Cuadl va a ser el almacenamiento
y monitoreo?

;Comovaaserla
retroalimentaciony la mejora?



;Como lo voy a hacer? - Data Lake

e ;Cuales son mis fuentes de

datos?

Data Lake Modernization o APl correos
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o ) Google Cloud o Silver

o Gold



¢Como lo voy a hacer? - ETL

Data Sources
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e ;Cualvaaser el flujode datos?
o Limpiezade texto
o Tokenizacién
o Andlisis de lenguaje

Data Preprocessing.

e Batch preprocessing

o  Cloud scheduler + Cloud
Functions

e Bulk preprocessing
o Apache Airflow

e Streaming preprocessing
o  Cloud Pub/Sub + Dataflow



¢Como lo voy a hacer? - |IA

Google Cloud

Region AA

Application users
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Data i i
subsystem (for RAG)

s Document Al
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: Cloud Monitoring
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J
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LLM inference stack

LLM
VeltaxAl (Foundation or custom)

e ;QuémodelosdelAvoya
implementar?
o Clasificador tematico
o Clasificador de
prioridad
o Generador de
respuestas

Al Modeling.



¢Como lo voy a hacer? - ELMVP

) Google Cloud Platform

Cloud Apps
“wvi~  Compute Engine
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«+« Streaming
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(Transaction Streams)
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Datafiow
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e ;Cudleselsistemade
respuesta y escalamiento?
o  Respuesta
automatico
m Chatbot
o Escalamientoaun
humano

Model Usage



¢Como lo voy a hacer? - Desempeno del MVP

) Google Cloud Platform
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¢Cualvaaserel
almacenamientoy
monitoreo?
o Basesdedatos
o Dashboards

Model Monitoring



¢Como lo voy a hacer? - Evolucion del MVP

) Google Cloud Platform
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.. Durante el
proyecto

El PM Illama a una reunién (Planeacion del
sprint) y lanza la pregunta:

“....Cémo vamos?...”

USTED QUE HARIA
b .
T

@
&%




Pruebas controladas. Simulacion del entorno. Puesta en produccion.

Entender la capacidades del Entender el cdbmo se comportaria el Monitoreo del comportamiento
producto producto en produccion en produccion



TRL - Technical Readiness Level

Index Technical Readiness Level

Product Readiness Levels

Data Science Readiness Levels Iteration 1 lteration 2 lteration 3 Keration 4 Keration 5

9

8

System Proven in Operational
Environment

System Complete & Qualified

Prototype Demonstrated in
Operational Environment
Technology Demonstrated in
Relevant Environment
Technology Validated in Relevant
Environment

Technology Validated in Lab
Experimental Proof of Concept

Technology Concept Formulated

Basic Principles Observed

System Running in Production

QA Passed & Ready for Staging
Environment

Beta version in limited Staging
Environment

In QA

Tests passing in Development
Environment

Tests passing on Development
Machines

Tests cases written with full
coverage

Technology Concept Formulated

Need or shortcoming identified

System Proven in Operational
Environment

System Compete & Qualified

Prototype Demonstrated in
Operational Environment

Algorithm Integrated in Development
Environment

Algorithm Validated against
Production Data

Algorithm Validated against Sample
Data

How do
we build
the MVP?

Can we

Experimental Proof of Concept solve
= problem
Data Explored, Described, and e

Documented
Algorithm Design & Development



Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery
> Scoping >> Data >> Modeling > Deployment >
‘ Define project ’ ‘ Define Data J ( mmg:n E".I'.’;:’r:“;:;z“‘ Error Analysis ‘ P':g"f”"m'f‘n [ Monitor and Maintenance ]
Lo } 1 e (|2 Yt Mode JE b o | (el (I s
s Gaihe it LS EXupeion Data Analysis Validation L Tests | Tests 1 MVP | MU ERegation
Sprint 1 Sprint 2 Sprint 3 Sprint 4 Sprint 7 Sprint 8
Sprint 5 Sprint 9

Sprint 6




Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery

- e = i S—— >

Define project Define Data ’ ( > """nu' :'[‘,:m l E"T"r::'r:“;:;’e;‘,"" Error Analysis P‘::g:"’cy“:'n ‘ [ Monitor and Maintenance
S 4
TRL2 TRL3 TRL 4 Wi TRL 6 TR . TRLs
IREQ i Exploratory Experimental Model Model Prototype Lab PPrototype Client Adjustments to IREY
s Gaihe it LS EXupeion Data Analysis PoC Validation L Tests | Tests MVP MU ERegation
S A 4

4

/
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- ¢Tenemos los datos?
- ¢;Cudl eslasolucionideal?
- ¢;Como los capturamos?




Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery

- e = |3 e >

Define project ’ ‘ Define Data ’ ( > """nu' :'[‘,:m l E"T"r::'r:“;:;’e;‘,"" Error Analysis P‘::g:"’cy“:'n ‘ [ Monitor and Maintenance
S 4
TRL2 TRL3 TRL 4 Wi TRL 6 TR . TRLs
IREQ i Exploratory Experimental Model Model Prototype Lab PPrototype Client Adjustments to IREY
s Gaihe it LS EXupeion Data Analysis PoC Validation L Tests | Tests MVP MU ERegation
S A 4 ,
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SQL, Jupyter notebooks
Feature Engineering
:Como los capturamos?



Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery
Scoping >> Data > Modeling > > Deployment >
Label and Experiments and Deploy in

Define project ’ ‘ Define Data ’ ( Otoaalss Data l Train Models Error Analysis Production ‘ [ Monitor and Maintenance

J S

TRLS ¥ |
IREQ i Ex:lzll;fory Eprﬂer;l:nml Lol Model Prot;nyl;:: Lab ProtoTt:pLeitlleM Ad]mmu to L

Data Gathering Data Extraction Data Analysis PoC Validation 5 Validation Tests | Tests MVP MVP Integration

) \ ) roduction Data y

\
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Experimentacion de modelos
Definicion de pipelines



Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery

- e = |3 e >

Label and Experiments and Deploy in
Define project ’ ‘ Define Data ’ { Otoaalss Data l Train Models Error Analysis Production ‘ [ Monitor and Maintenance
A 4
TRL2 TRL3 TRL 4 Wi TRL 6 TRL7 . TRLS
IREQ i Explo Experimental Model Model | Prototype Lab IPrototype Client| | | | Adjustments to IREY
Data Gathering Data Extraction e A;:';’.‘I" — Ve | Jaliation | e PSS | e MVP Integration
J A J roduction Dalf | )
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|
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- Cross validation
- Model performance



Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery
> Scoping >> Data >> Modeling > > Deployment >
{ Define project ’ L Define Data J [ o ""’"I "[‘,‘:h w E".I'.’;:'r:“':::;"‘ Error Analysis ‘ P'::"f”"m'f‘n [ Monitor and Maintenance
L0 Rt b Expedmu I | Mot Model Fokoe Lot Rt s Glet 1 Adj Hl e
ploratory mental totype totype ustments to
s Gaihe it LS EXupeion Data Analysis PoC Validation e Tests | Tests MVP | | [MEagation

~

Extraer datos de producciény
comportamiento del modelo
Deteccion de data drift




Mas acerca de TRL - Desde la Ideacion al MVP

Discovery Delivery
Scoping >> > Modeling > Deployment
Label and Experiments a nd ploy in
{ Define project ’ ‘ Define Data ’ { Otoaalss Data l Models ‘ Eror Analysis | | | | p 0 ction ‘ [ Monitor and Maintenance
\ J/ p S 4
’ TRL5 D @ ‘
IREQ i Ex;mlr'afofy apIﬂer;aenml Lol Model Protm Lab ProtoTt:pLez:Ilent \ Ad]mmu to IREY
Data Gathering Data Extraction Data Analysis PoC Validati 5 \‘I’:‘l‘l:ctl‘a;:.on Tests | Tests J‘ MVP Integration
N / ~ 7 ,




¢Como monitorear
el proyecto?

TRL como épica

e Historias como metas arealizar
o  Tareas como entregables especificos
n Subtareas si es necesario

Tipo

- I - B - - B - I - |

[+ I ]

<]

(< I < B <

<]

# Clave

SMGC-1

SMGC-2

SMGC-3

SMGC-4

SMGC-5

SMGC-6

SMGC-7

SMGC-14

SMGC-15

SMGC-8

SMGC-11

SMGC-12

SMGC-16

SMGC-13

SMGC-9

SMGC-10

= Resumen

TRLO - Data Gathering

TRL1 - Data Extraction

TRL2 - Exploratory Data Analysis

TRL3 - Experimental PoC

TRL4 - Model Validation Test Data

TRL5 - Model Validation Production Data
TRLS - Prototype Lab Tests

Bean by Bean performance

Average sample vs Average sessions performance
TRL7 - Prototype Client Tests

Carcafé Performance

Cooperativa Manizales Performance
Almacafé - Soacha Pilot

Cenicafé Performance

TRL8 - Adjustments to MVP

TRL9 - MVP Integration

(® Estado
FINALIZADA
FINALIZADA
FINALIZADA
FINALIZADA
FINALIZADA
FINALIZADA
EN CURSO
EN CURSO
EN CURSO
EN CURSO
FINALIZADA
FINALIZADA
EN CURSO
EN CURSO
EN CURSO

EN CURSO

@ Persona asignada

@ Roger Galindo
@ Roger Galindo
@ Roger Galindo

@ roger Galindo



.. Durante la
entrega del
proyecto

El cliente llama a una reunidn (aceptacion
del producto) y lanza la pregunta:

“....Cual es el desempeno?...”

USTED QUE HARIA
b .
T

@
&%




- ¢Se resolvio el problema? ...

Normalized Confusion Matrix

Tipicamente se presentan resultados basados en
el performance del modelo

e TRL4-TRLS.

True label

:Estos niimeros nos dicen si se resolvié el
04 problema?

0.0 1.0
Predicted label



Un caso especifico - Café con buenos sabores

bability zones, 209/209 samples

ions In pro

Percentage of predict

QualityScore_zones
H low
mid
W high

240555 1
240568 |
240591 !
240645 !
240423 |
230612
240550
240539
240418
240518
240431
240532
240423-C
240544
240642
240521
240414-E
240520
240414-C
240621
240637
240688
240571-A

240885
240691
240589
240534-A
240421
240574
240613
240420
240952
240556-A
240728
240791
240571-B

= 240533
240538-C
240430-D
240514
240763
240515
240863
240570-A
240534
240433-8
240419
240770
240570
240546
240516
=, 240430

1
.8

o ]
o o o

0.2

a8ejuoarad ueog

Using more than 200 samples, all of
number of beans with low probability
is higher than the 40% of the beans
analyzed per sample, we found 18
samples with potential issues

them evaluated as Good.
Can we identify the presence of odd

flavors?
Setting a threshold, where the

240529-240530-240531

Sample



Un caso especifico - Café con malos sabores

Percentage of predictions in probability zones, 27/27 samples

]
1 i I 5 I I . I l:)l:lilylScore_zunes

| 1 low

o I mid

. . : M high
After analyzing samples with |
|
1
1
1
1

reported defects, We can
identify a group of the worst
samples that shows a big
proportion of beans with low

0.4
quality. o IIIII
o --.-l I

Scan percentage
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Sample



- ¢Se resolvio el problema? ..

Descripcién de la evaluacion. Beneficios.

“Nuestra herramienta demuestra la capacidad de detectar 1 Deteccién temprana de

correos...y priorizar...” o . .
2. Optimizacion de asignacion de ...

° Identificando correos de solicitud de ... en un 85%
e  Priorizacién de intervencién humanaenun 65% Riesgos de NO usarlo.
o reduccién de gastos de operacion...

1. Lentitud en la correcta asignacion...
2. Generacion de inconformidad enel...



Gracias!!!



