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Deep Fea ki

E uma area da Computacdo Cognitiva gue usa e desenvolve
algoritmos que permitem maodelar abstracoes de alto nivel
em uma grande base de dadas. ESses aados 5do processados
em multiplas camadas -por isso- “Deep Learning”



Reconhecimento de objetos em tempo real

Source: “Delving Deep into Rectifiers:
Surpassing Human-Level Performance on ImageNet Classification”
Microsoft Research http://arxiv.org/pdf/1502.01852v1.pdf







Descricao de Imagem

two pizzas on
the stove, one
with mushrooms
and the other
with basil

Fonte:
deeplearning.cs.toronto.edu/i2t




Descricao de Imagem

huge crowd are
gathered probably
to demonstrate

Fonte:
deeplearning.cs.toronto.edu/i2t




Aprendizado Dinamico

Source: Playing Atari with deep reinforcement learning
https://www.cs.toronto.edu/~vmnih/docs/dqn.pdf




Before training

peaceful swimming



Deep Fea ki

Redes profundas Sdo baseadas no aprendizado da
representacdo de dados. Porexemplo, palavras sao
representaaas por vetores de numeros reais.



Deep Fea ki

Aprendizado pode Ser supervisionado (classificacdo)
ou ndo-supervisionado (analise de padroes).

Trabalha bem com dados estruttrados e ndo estruturados



Deep Fea ki

Camadas de caracteristicas usam um procedimento

gue ndo é projetado por pessoas: elas sao aprendidas usando
um procedimento de aprendizado de proposito geral !
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O que aprende uma rede neuronal?

cada ponto
é avaliado
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O que aprende uma rede neuronal?
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MLES faixas olhos felinos
vetor cores texturas boca primatas
vetor fracionado  degrades contornos  orelhas répteis resposta
dado tratado entrada camadal camada 2 RN camada 4 saida




W O TS .
|
|
@
@
|

fractioned

SRR T Gl A

abstract gpe'Citic

GENDER

LOCATION

TIMESTAMP

U d

"fraud”

answer




Neural Networks: Training
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1943 1958 1975 1980 2006 2007 2012 2015 2016
Threshold Back Restricted Machines AlphaGo
Logic Propagation Boltzmann performing beats

Machines better than ecScdol
humans
Perceptrons Firet Auto

Results everywhere:
Deep Networks Encoders voice, translation, images,
natural language, etc.

Apple, Google, Microsoft,
Facebook, Kunumiand more
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Aprendizado nao-supervisionado

Dados —— Treino



Aprendizado nao-supervisionado

Dados —— Pré-treino



Aprendizado nao-supervisionado

Dados —— Pré-treino

Dados — Ajuste Fino



Pré-treinamento

entrada camada saida
escondida

CORCRC)




Reconhecimento de escrita
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Tweets Sobre Jogo Brasil-Aleman

admiragao

neymar

felipao entusiasmo

hostilidade

david luiz

thiago silva

= A
decepgavo tristeza




Reducao de Dimensionalidade

Autoencoder Autoencoder
elipligle) (reduction)
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Maldicao da Dimensionalidade
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R$ 500,00
R$ 810,00
R$ 675,00
R$ 750,00
R$ 843,75
R$ 450,00
R$ 675,00
R$ 937,50
R$ 450,00
R$ 450,00
R$ 562,50
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R$ 540,00

R$ 125,00
R$ 202,50
R$ 225,00
R$ 250,00
R$ 312,50
R$ 125,00
R$ 202,50
R$ 225,00
R$ 250,00
R$ 312,50
R$ 125,00
R$ 202,50
R$ 225,00
R$ 250,00

R O N WRKFREFEFRFRLEWODNNDNOL-HEKR

R O N WRKFRFEFEFRFREWODNNDNDOL-HER




O 00O N O Ul & W N K

H R R
w N B O

14

45
43
38
36
38
41
37
34
26
34
Sl
28
SE
37

Regras que geram o DB

« ID: inteirode 1 a 90,000

- Idade: random de 25 a 45 anos - Receita
 Local: random entre SP, RJ and BH - Comeca com R$ 500
- Género: random[F M, na ], fem,, - Se Local for SP aumenta 50%

- Se Género é F aumenta 25%
- Se Més é Dez aumenta 20%
- Random entre 90% e 100%

masc. e not-available.

- Més: random Jan a Dec

« Filhos: random entreO e 3

- T. na Base: tempo de cadastro (em
meses, entre 1 e 120)

- Compras: Idade/10 (inteiro)

- Ticket Méd: \Valor/Compras

R O N WRKFRFEFEFRFREWODNNDNDOL-HER




Segmentacdo de Receita

Segmentacao .
Fatores latentes
*Mulher Mulheres, SP, Dez
-SP -Receita: +75.39%
-Dez -Ticket M.: R$ 378,60
-ldade (+77,81%)
P --------------------- Homens e NA, RJ e BH
: : -Receita: -11.35%
-Ticket M.: R$ 188,90
R 790 (-11,28%)

«Més: Jun (+3.04%)

-R$ 450

_____




Drecise answers




Qual é o perfil do meu What's the profile of
cliente mais rentavel? my most profitable client?

Mulheres em SP
Woman in S&o Paulo

+75.39% revenue +75.39% receita
+71.88% avg. ticket

(R$ 378,60) “ +71.88% ticket médio
% (RS 378,60)

qual € o melhor més what’s the best month to
para impactar este impact this client with a

cliente com uma oferta, ;
new offer, according to
de acordo com a curva

de venda? his/her sales curve?

December 4;‘ Dezembro

e o perfil menos what'’s the profile of my
rentavel? less profitable client?

Man and "na"”, BH and RJ ¢“ Homens e NA, BH e RJ



Dimensionality Reduction: Another Example

3.2 million readers

Tragédias(0.16)
Cinema/TV(0.14)

Readers in a
cluster have the
same preferences




Dimensionality Reduction: Another Example

Tragédias(0.16)
Cinema/TV(0.14)

Soccer 49%
teboi(0.29) Cinemal/TV 15%
, Chemi S Short news 7%

Nolicias Curlas(0. S
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Dimensionality Reduction: Another Example

National
politics 32%
Justice 19%
Bidding and
contests 11%

Mercad

Licitace

Tragédias(0.16)
Cinema/TV(0.14)

Soccer 49%
Cinemal/TV 15%
Short news 7%
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Web, SQLUNERIES
ERP Spreadsheets
(Excel, Google)

KR

model

Deep Learning
algorithms for
structured and semi-
strucured data analysis

DS  T

System

pattern recognition
systems for data
segmentation, trend
detection and risk
analysis

APIS

iIntegration with

enterprise systems
(Bl, Marketing, HR,
Supply Chain, etc)
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layer at a time using unsupervised learning for restricted Boltzmann machi.
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Some References

Gartner lista 10 tendéncias tecnoldgicas de alto impacto para 2016:
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Yan LeCun - Impressive demonstration of Facebook’s Al:
https://www.youtube.com/watch?v=U_Wgc1JOsBk




Conclusions

Deep learning allows models composed of multiple processing layers
to learn representations of data with multiple levels of abstraction

Improved the state-of-the-art in speech recognition, visual object
recognition, object detection, drug discovery, etc.

Discovers intricate structure in large data sets by using
backpropagation to change its internal parameters used to compute
the representation in each layer from the representation in previous
layer

Deep convolutional nets presented breakthroughs in processing
Images, video, speech and audio

Recurrent nets are recently improving sequential data such as text
and speech
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Kunumi
- Portfolio of services:
- Predictive analysis
- Business insights
- Big Data Engineering
-Solve business problems in areas:
- Demand forecast
- Customer segmentation and targeting

- Campaign optimisation & effectiveness
- Inventory planning

- Social media insights

- Etc.



