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The Business Benefits of Al

Cogn Iitive PrOJ ects by Type We surveyed 250 executives who were familiar with their companies’ use of cognitive technologies
We studied 152 cognitive technology to learn about their goals for Al initiatives. More than half said their primary goal was to make existing
projects and found that they fell into products better. Reducing head count was mentioned by only 22%.

three categories.
PERCENTAGE OF EXECUTIVES WHO CITE THE FOLLOWING AS BENEFITS OF Al

ROBOTICS & COGNITIVE AUTOMATION

Enhance the features, functions,
and performance of our products

Optimize internal
business operations

Free up workers to be more

creative by automating tasks

COGNITIVE INSIGHT
Make better

decisions
Create new
products

Optimize external processes
like marketing and sales

COGNITIVE ENGAGEMENT

Pursue new
markes [ =
Capture and apply scarce o5
knowledge where needed
Reduce head count 29
through automation

Thomas Davenport, Artificial Intelligence for the Real

: il i -for- SOURCE DELOITTE 2017
World. https://hbr.org/2018/01/artificial-intelligence-for FROM “ARTIFICIAL INTELLIGENCE FOR THE REAL WORLD.”

the-real-world BY THOMAS H. DAVENPORT AND RAJEEV RONANKI, JANUARY-FEBRUARY 2018 © HBR.ORG




The Challenges of Al

Executives in our survey identified several factors that can stall or
derail Al initiatives, ranging from integration issues to scarcity of talent.

It’s hard to integrate cognitive projects
with existing processes and systems

Technologies and expertise
are too expensive

Managers don’t understand cognitive
technologies and how they work

We can’t get enough people
with expertise in the technology

Technologies are
immature

Technologies have been
oversold in the marketplace




Assistentes Virtuais
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ROBOTICS & COGNITIVE AUTOMATION

Ola! Como posso ajudar?

Quanto dinheiro eu tenho na minha
conta?

09/06/19 12h56 ra : \ i COGNITIVE INSIGHT
Seu saldo é R$ 1,60 P =

Além disso, tem na sua conta: s ‘ -
Saldo total: RS 1,60 ,
Sujeito a alteragdes a\ 1

Hummm. Preciso de dinheiro

PG Qo YGe8 pradéa do dinhiie Sy AN COGNITIVE ENGAGEMENT

por que vocé precisa do dinheiro.
Exemplo: fazer empréstimo, facul-

dade, pagar divida, comprar imdvel, ‘ , t j | B
comprar veiculo, reforma, viajar etc. 1 ;




Implementacao de assistentes virtuais com servicos de IA

Exemplos de interagdes/perguntas do usudrio:

Quero fazer um | par = (NS

Preciso mandar dinheiro para a minha-

transferéncia

Quero pagar uma conta pagar conta

Watson Assistant (formerly
Conversation)

Lite « IBM

Add a natural language interface to your application to
automate interactions with your end users. Common
applications include virtual agents and chat bots tha...

Classificador de texto para identificacao de intencoes




Implementacao de assistentes
virtuais sem servicos de IA Definir 0 objetivo e escopo

Classificador de texto para identificacao de intencoes Aquisicio dos dados

« Pré-processar os dados: alto custo para dados do
tipo texto (nao-estruturados).

« Construcao dos modelos: alto custo de
desenvolvimento devido a necessidade de varios

testes empiricos.

« Entrega: dificil integracao com demais
componentes de software.

Avaliacao dos modelos

« Construcao dos modelos: alto custo de
desenvolvimento devido a necessidade de varios
testes empiricos.

« Entrega: dificil integracao com demais (*) KDD, CRISP-DM
componentes de software.



Modelos preditivos e descritivos

Column name Type
preco Integer

area Integer

ROBOTICS & COGNITIVE AUTOMATION

suites Integer
dormitorios Integer
banheiros Integer

Selected prediction Configure prediction

in ur
secure COGNITIVE INSIGHT

Regression ©

secure 0.03 5 7
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iicles COGNITIVE ENGAGEMENT
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Implementacao de modelos

preditivos sem servicos na Cloud Definir o objetivo € escopo
Classificacao de imagens Aquisicao dos dados
Classificacao ou Regressao usando dados estruturados 1
Pré-processamento dos dados
« Pré-processar os dados: alto custo para selecao 1
dos atributos, preenchimento de dados faltantes o o
~ . Analise Exploratoria
ou exclusao de atributos. 1
« Construcao e avaliacao dos modelos: alto custo Desenvolvimento dos modelos
de desenvolvimento devido a necessidade de 1
varios testes empiricos.
Avaliacao dos modelos
« Entrega: dificil integracao com demais 1
componentes de software. Entrega: Integracao dos modelos com

outros componentes de software




Classificacao de imagens: processo sem uso de servi¢co na Cloud

Conv. Module #1 Conv. Module #2 Classification

output: cat? (y/n)

convad maxpool convad maxpool fully fully
Input + RelLU + RelLU connected connected

¥ TensorF! Keras é Caffe? Spoflzz

MLIib

PYTbrRcH @) learnn



Classificacao de imagens: processo com uso de servico na Cloud

Utilizacao

pip install --upgrade "watson-developer-cloud>=2.4.1"

Treino

Authentication

guantidadePortas ®

Associated Service : Visual Recognition-p8 from watson_developer cloud import VisualRecognitionV3

My classes (3) All images (28) visual_r?cognition = VisualRecognitionV3(
version='{version}',

iam_apikey='{apikey}'

Drag and drop files from your project.

Classify an image

3 classes | 0 incomplete classes | 0 unclassified images New training data size: 0.0/250 MB

import json
from watson_developer cloud import VisualRecognitionV3

Pm—
B gEw°
ﬁ a visual_recognition = VisualRecognitionV3(

'2018-03-19"',

i B

=y

iam_apikey='{iam api_key}')

® e

ﬁ with open('./fruitbowl.jpg', 'rb') as images_ file:
classes = visual recognition.classify(
Create a class 2Portas.zip (14) 4Portas.zip (14) images_file,
threshold='0.6",

classifier ids='quantidadePortas 2053215291').get result()

print(json.dumps(classes, indent=2))



Implementacao de modelos preditivos com AutoAl

Definir o objetivo e escopo

Aquisicao dos dados

Generate ranked Save and deploy
model pipelines amodel 1

’
Feature type detection Selection of the best Hyper-paramater Pre-processamento dOS dad 0S
estimator for the data optimization (HPO)

Missing values

Prepare data Select model

imputation Optimized feature 1
Feature encoding and engineering
scalin L 2 8
& Analise Exploratoria
My Projects  / | taxa_def_atac a 3
taxa_d ef_atac @ 3= | Rerun @ data_tx_def atac.csv  TAXA_DEF_ATAC Regression RMSE D esenvo |.V| me nto d 0SS mo d e I.OS

Run finished
4 PIPELINES GENERATED

\ 4

Avaliacao dos modelos

\ 4

Entrega: Integracao dos modelos com

4 pipelines generated from estimator. See
pipeline leaderboard below for details.

Read dataset Split holdout data Read training data Preprocessing Model selection

outros componentes de software




Algoritmos

. . — Calibrated
oegeo -~ o with Cross-Validation
pI‘OblemaS de CIaSSIflcagao Gaussian Naive Gaussian Gradient Boosted | Nearest Neighbor :
: Label Propagation
Bayes Process Tree Analysis

: e v : Logistic
; Linear Discriminant| Linear Support ;
Label Spreading LGBM Analysis Nector ~Regression
with Cross-Validation
LOg'St'.C MLP Classifier Muttinomia. Neive Nearest Centroid |Nu Support Vector
Regression Bayes

Quadratic
Perceptron Discriminant Radius Neighbors | Random Forest
Analysis

Passive
Aggressive

Ci 22 Celler [Ridge Classifir  SGD__ | Support Vector | XGBoost |
Ridge Classifier SGD Support Vector XGBoost

Alsoritmos considerados bara
-~ with Cross-Validation Regression
problemas de regressao
Analysis with Cross-Validation
with Cross-Validation with Cross-Validation

UL 228 MultlTe:\ls:tElastlc Multi Task Lasso CV Multi Task Lasso Nu SVR
X | Orthogonal : : Y
- Pursu',t v Matching Pursuit Passive-Aggressive PLS Canonical PLS
with Cross-Validation

Radius Neighbors | Random Forest RANSAC : Ridge‘ . Ridge
with Cross-Validation




Implementacao, acompanhamento e evolucao de sistemas de IA

Acesso aos dados Preparacao Construcao dos modelos Deploy dos modelos Monitoramento
Espiral Al
positiva de Asistente Virtual Assistente virtual com recomendacgao de produtos Aplicacoes
solucdes API Rest
baseadas
em IA Watson Watson | Watson Discovery | Watson | Natural Language | Speech to
Assistant Assistant Service Assistant Understanding Text

Dados

Aprendizado continuo

Uso de servicos de IA permite:

« Evolucao da solucao:
« do ponto de vista de funcionalidade, €;

« do ponto de vista de cobertura do modelo.
- Abstracao de algumas etapas relacionadas a construcao dos modelos.

« Controle e evolucao da acuracia e completude dos servicos de forma individual



Vantagens

Ferramentas para deploy automatico
The Challenges of Al de modelo preditivos na forma de API
Executives in our survey identified several factors that can stall or Rest pOdem minimizar este problema.

derail Al initiatives, ranging from integration issues to scarcity of talent.

It’s hard to integrate cognitive projects
with existing processes and systems

Fornecedores de cloud disponibilizam

Technologies and expertise

are t00 expensive servicos que encapsulam detalhes que
Managers don't understand cognitive sao dificeis e trabalhosos de
technologies and how they work implementar. Sendo assim:
We can’t get enough people
with expertise in the technology . Espera-se uma queda no custo
Technologies are desta tecnologia;
immature
Technologies have been « Os técnicos nao precisam conhecer
OverSOld in the marketplace detalhes de implementagéO, e;

« Ao reutilizar servicos que
comprovadamente funcionam, os
riscos no desenvolvimento de uma
solucao diminuem.
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