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Objetivos

* Deep Learning - Breakthroughs

— Historico e eventos



Deep Learning

 Deep Learning € como sexo na adolescéncia.
— Todo mundo fala sobre
— Ninguem realmente sabe como fazer
— Todo mundo pensa que todo mundo esta
fazendo
— Entao, todo mundo diz que esta fazendo

Adaptado de (Big Data)



Deep Learning

» Fatores que influenciam
— Desenvolvimento de Algoritmos

— Hardware capaz de processar grandes massas de
dados (GPU)

— Disponibilidade de dados anotados
* Imagens no Facebook
* Voz e Texto no Google




Tradicional x Deep Learning
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Convolucao

« Chave em Deep Learning WENEN |
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Pooling

« Largamente utilizado
— Reduz dim. representacao
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Funcoes de ativacao

* RelLU elimina o problema do
vanish gradient
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= sigmoid : 1

| ===thanh
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yim——— | f(x) = max(0, x)

e Yoshua Bengio, lan Goodfellow and Aaron Courville. Deep Learning. MIT Press.
http://www-labs.iro.umontreal.ca/~bengioy/DLbook ( citado por 3467 jul/2018 )



http://www-labs.iro.umontreal.ca/~bengioy/DLbook

LeNet (Lecun)

1998 - 1a. CNN implementada com sucesso (Bell Labs)
— Reconhecimento de Digitos Manuscritos
 Imagem de entrada de 32x32 pixels
« MNIST Dataset (10 classes [0-9])
« #60K train /| #10k test
* 0,95% / ~345 k conexdes ~60k parametros

C3: f. maps 16@10x10 Convolutional &
INPUT C1: feature maps S4fmapste@ss oo Fully Connected

6@28x28
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e Y. LeCun, L. Bottou, Y. Bengio & Patrick Haner, Gradient Based Learning Applied to
Document Recognition, Proc. of IEEE, 1998



LeNet (Lecun)

« Arquitetura

— Pesos & Bias (340.908 / 60.000)

— C1:conv: 6@5x5 => 122.304 (6x(5x5+1)=156) => 6@28x28
— S2:pool: 2x2 => 5.880 (6x2=12) =>6@14x14
— C3:conv: *@5x5 =>151.600 ((*60x5x5)+16=1.516) => 16@10x10
— S3:pool: 2x2 =>2.000 (16x2=32) => 16@5x5
— Cb:fully: 16@5x5 =>48.120 (16x5x5+1)x120 =>120
— F6: fully:  120x84 => 10.164 (84x(120+1)) => 84**
=> 60.000 total
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lonamento

Func

LeNet

<o

Robusto a ruidos, inclinagdo e forma
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LeNet vs State of the Art
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Sparse Autoencoders

Sparsity
Penalty

encoder

input reconstruction

decoder
code

- input: X' code: 1= w' X

loss: L(X ;W)=||Wh=X|F+A) 1|

13



Eventos

* 2006 - Autoencoders - —
— Redug&o de Dimensional. . ;
— Uso de RBM empilhados como um ~ ————
deep auto-encoder e

. Treinar RBM usando imagens l:#

como saida e entrada

e G. E. Hinton & R. R. Salakhutdinov. Reducing the Dimensionality of Data with Neural
Networks, Science 313 (2006), p. 504-507. 14



Eventos

Olivetti face data, 25x25 pixel images reconstructed from 30
dimensions (625 - 30)
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e G. E. Hinton & R. R. Salakhutdinov. Reducing the Dimensionality of Data with Neural
Networks, Science 313 (2006), p. 504-507. 15



Unsupervised Pre-training

1) Dado uma imagem (nao rotulada), aprenda

caracteristicas

16



1)

2)

Unsupervised Pre-training

Dado uma imagem (nao rotulada), aprenda

caracteristicas
Use o encoder para produzir novas features e treinar

outra camada

17



Unsupervised Pre-training

1) Dado uma imagem (nao rotulada), aprenda

caracteristicas
2) Use o encoder para produzir novas features e treinar

outra camada
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Eventos

e« 2006 - Autoencoders
— PCA vs (784-1000-500-250-2) autoencoder *282=784

CoOoONOOBABLON—-O

+ O O 4

e G. E. Hinton & R. R. Salakhutdinov. Reducing the Dimensionality of Data with Neural
Networks, Science 313 (2006), p. 504-507. 19



e 2006 - Autoencoders

Eventos

— 804’414 news da Reuters, reducao para 2D
— PCA vs 2000-500-250-125-2 autoencoder
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Eventos

« Dados nao rotulados estao disponiveis
 Exemplos: Imagens da web

a. Baixar 10.000.000 imagens

b. Treinar uma DNN 9-camadas

c. Conceitos sao formados pela DNN

* GNbE A REBET R BTSRRI s B SREES B o
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Eventos

 Deep Auto-Encoder (Unsupervised) - ImageNet

— 10M Images 200x200 pixels / 20 Classes
— Cluster (1k CPUs / 16k cores)

Sihi=- | ﬂlq‘
- . —~

e Q.V.Le, M. Ranzato, R. Monga, M. Devin, K. Chen, G. S. Corrado, J. Dean, A. Ng.
Building High-Level Features using Large Scale Unsupervised Learning in ICML 2012
(citado por 1610 jul/2018)
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Eventos

e 2010 - Google Brain
— 1,000 CPUs (16k cores)
— 600 kWatts
— U$ 5.000.000
— Predio / Refrigeragao

— Self-driving cars
— Voice Recognition

GOOGLE DATACENTER

1,000 CPU Servers 600 kWatts
2,000 CPUs = 16,000 cores $5 000.000

23



e 2013 -
— GTC (2014)
— 3 Servidor (12 GPUS) NVIDIA CEO - Jensen Huang
* 18.432 cores
— 4 KWatts
— U$ 33.000

* GPUs 20-50x +CPUs
— 20107

3 GPU-Accelerated Servers 4 kWatts
12 GPUs « 18,432 ¢
s ores $33,000

e A. Coates, B. Huval, T. Wang, D. Wu, A. Ng, B. Catanzaro (421 citacdes - jul/2018)

Deep learning with COTS HPC systems - Int. Conf Machine Learning (ICML) 2013 24



* AlexNet (ImageNet) / Cuda-ConvNet
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— 60M parametrés / 650K neurbnios
— 3 GPUs - limitado tamanho modelo pela RAM das GPUs
— ImageNet (15M images / 22k classes) - erro caiu para 15%

e A. Kryzhevsky, |. Sutskever, G.E. Hinton. ImageNet Classification with Deep
Convolutional Neural Networks. NIPS, 2012. (+26 mil citagdes jul/2018)

dense

1000
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AlexNet (ImageNet)

e 1 Test/ 6 Train (menor distancia)

26



AlexNet (ImageNet)

Classes Top 5

miie

contalner shi motor scooter eopard
mite container l;’lp motor scooter leapard
i black widow lifeboat go-kart Jaguar
B cockroach amphibian moped H_I cheetah
1 tick fireboat bumper car snow leopard
| drilling platform golfcart

ascar ca

»

fire engine

dead-man’'s-fingers

Iffordshiu bullterrier
currant

. convertible agaric dalmatian squirrel monkey

grille mushroom grape spldor monkey

’_l pickup Jelly fungus elderberry titi
beach wagon gill fungus indri

howler monkey




Hierarquia das Representacoes Treinadas

Caracteristicas Caracteristicas Caracteristicas
de baixo nivel de médio nivel de alto nivel

e Zeiler & Fergus. Visualizing and Understanding Convolutional Networks.
European Conference on Computer Vision, 2014



ImageNet

“Deep Image: Scaling up Image Recognition”
— Baidu: 5.98%, Jan. 13, 2015

IMAGENET
CHALLENGE

Accuracy %

“Delving Deep into Rectifiers: Surpassing
Human-Level Performance on ImageNet
Classification”

—  Microsoft: 4.94%, Feb. 6, 2015

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariant Shift”

— Google: 4.82%, Feb. 11, 2015

2011 2012 2013 2014

e Larry Brown (Ph.D), Deep Learning with GPUs,
GEOINT 2015 - http://www.nvidia.com/content/events/geolnt2015/LBrown_DL.pdf



Eventos

e 2014 - Deep Face (Facebook) / LFW database

C1: M2: C3: L4: L5: L6:
Calista_Flockhart_0002.jpg Frontalization: 32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5x5x16
Detection & Localization @152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21X21

— Treinada com 4M imagens faciais

Modelo # de parametros Acuracia (%)
Deep Face 128 M 97,35
State-of-the-art [2013] ~ 79,70
Nivel Humano N/A 97,50

e Y. Taigman, M. Yang, M.A. Ranzato, L. Wolf. DeepFace: Closing the Gap to
Human-Level Performance in Face Verification. CVPR 2014.
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Eventos

e 2014 - Deep Face (Facebook)
— Frontalization




Eventos

e 2015 - FaceNet (Google-DeepMind2014)
— Acuracia em 99,63% (LFW)
— Representacao Compacta

* (128 bytes por Face)

— Usaram 100M-200M
 De 8M de entidades

—

Negative b N\
A’fi‘m.. LEARNING 0
Al - o Negative
~@® Anchor *O
Positive Positive

Invariancia a iluminagao e pose

e F. Schroff, D. Kalenichenko, J. Philbin. FaceNet: A Unified Embedding for Face
Recognition and Clustering. CVPR 2015.

32



2015 - FaceNet - Erros

False accept

e F. Schroff, D. Kalenichenko, J. Philbin. FaceNet: A Unified Embedding for Face
Recognition and Clustering. CVPR 2015.
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2015 - FaceNet - Erros

False reject

F. Schroff, D. Kalenichenko, J. Philbin. FaceNet: A Unified Embedding for Face
Recognition and Clustering. CVPR 2015.
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Eventos

e 2010/2013 - TIMIT Phoneme Recognition

Modelo # de parametros Erro (%)
Hidden Markov Model (HMM) N/A 27,3
Deep Belif Network DBN ~4M 26,7
Deep RNN 4,3M 17,7
— Dados:

* Pessoas (#): 462 train | 24 test
* Tempo (h): 3,16 train/ 0,14 test

e Mohamed, A. and Hinton, G. E. (2010). Phone recognition using restricted Boltzmann
machines // ICASSP pages 4354—-4357.
e Graves, A., Mohamed, A.-R., and Hinton, G. E. (2013). Speech recognition with deep
recurrent neural networks ICASSP, pages 6645—-6649. 35



Eventos

e 2014 - Google Large Vocabulary Speech Recognition

— Data de treinamento: 3M expressoes (1900 hrs)

Modelo # de parametros Cross-entropy (%)
ReLU DNN 128 M85M 11,3
Deep Projection LSTM RNN 13M 10,7

e H. Sak, A. Senior, F. Beaufays. Long Short-Term Memory Recurrent Neural Network
Architectures for Large Scale Acoustic Modeling / INTERSPEECH’2014.

e K. Vesely, A. Ghoshal, L. Burget, D. Povey. Sequence-discriminative training of deep
neural networks // INTERSPEECH2014.
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Inteligéncia Artificial

 Processamento de Linguagem Natural (2010)
— Siri (Apple)
— The Assistant (Google)
— Microsoft (Cortana)
— Alexa (Amazon

37



Eventos

e 2001 - Face Detection - Viola & Jones

Adaboost Learning Algorithm

Training : Feature Features Cascading } ,l Final ]
Samples | Selection : Classifier
ey Py ——— — |

-\ Haar-like : h
YIEBE s 1 1 71 1

—] (a) Edge Features : \ .. \,
=

| et

I E (b) Line Features
-! (c) Four-rectangle features

P. Vila & Jones, Rapid object detection using a boosted cascade of simple features
IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 2001
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Eventos

e 2001 - Object Detection - Viola & Jones

— Semanas para treinar p—
» Caracteristicas simples

— Imagens de 384x288 pixels
— 15 fps 700 Mhz

* Pentium Il
— ~94 de acuracia
— Maquinas Fotogr.

39



Eventos

e 2015-2017 Yolo (Object Detection)

i
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Maxpool Layer  Maxpool Layer
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DarkNet
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Eventos

e 2015-2017 Yolo (Object Detection)
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T
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Object Detection

* Demonstracao YoloV2 & YoloV3
— Videos ~ 2 minutos

42



Eventos

e 2015-2018 Identificacao de Veiculos
— Camera e Veiculo em movimento

Vehicle Detection LP Detection Character Segmentation
W e Vehicles Patches> LPs Patches > © RJ-RIODE JANERD '
Lo ' ABL‘ |I34

B s 5
<

Temporal Redundancy Single Frame
Character Recognition

ABCI234
!

ABC-1234||ABG-1284 ABC-1234

License Plate Majority Vote
Recognition

ABC-1234||ABG-1284
ABC-1234 <::
NBC-1734|| APC-7231

o
== 00
(]}

Fig. 5. An usual ALPR pipeline having temporal redundancy at the end.

e R. Laroca, others, D. Menotti, A robust real-time automatic license plate recognition
based on the YOLO detector. IEEE International Joint Conference on Neural Networks

(IJCNN) 2018. 43



Eventos

e 2015-2018 Identificacao de Veiculos
— Video

e R. Laroca, others, D. Menotti, A robust real-time automatic license plate recognition
based on the YOLO detector. IEEE International Joint Conference on Neural Networks
(IJCNN) 2018.
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Eventos

e 2018 Retificacao da Placa

(M,N,6) — (my)cell \(7)T

WPOD
Network| EEEEEEEEEEEEEEN @ WSCghi
Input Output ObJect high Square to object
Feedforward feature map probability cell transformation

o e s | MLC3s1
"““\ » -» -b--b M.Lcssu M35

< -\.
l INPUT } (cnnmmou LICHNRR LTS
IMAGE L (YOLOv2) mﬁ:g RECTIFICATION (ocnmm

e S. Montazolli & C. R. Jung, License Plate Detection and Recognition in Unconstrained
Scenarios. European Conference on Computer Vision (ECCV) 2018.
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Eventos

* 2018 Identificacao de Veiculos
— Video
* http://www.inf.ufrgs.br/~crjung/alpr-datasets/

0:00/1:58
'S

e S. Montazolli & C. R. Jung, A robust real-time automatic license plate recognition
based on the YOLO detector. IEEE International Joint Conference on Neural Networks
(IJCNN) 2018.
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Eventos

e 2016 - AlphaGo (Image)
— Usa conhecimento humano & experiéncia
— DL vence por 4 a 1 Lee Sedol (echo de Garry Kasparov)

— Jogo muito mais complexo que xadrez
— Google usou 1920 CPUs & 280 GPUs

47



Eventos

e 2017 - AlphaGo Zero (Reinforcement learning)
— Conhece regras do jogo / sem usar dados de treinamento
— Aprende jogando contra si mesmo,

— Venceu AlphaGo Lee (3 dias), competitivo com AlphaGo Master
(21 dias) e superou todos com 40 dias

— 19 servidores CPU e 64 estagoes GPU ‘ g ;, o

— Melhor que ser humano

sem conhecimento Q
e Implicacoes?

e Silver, David; Schrittwieser, Julian; Simonyan, Karen; Antonoglou, loannis; Huang. Aja;
Guez, Arthur; Hubert, Thomas; Baker, Lucas; Lai, Matthew; Bolton, Adrian; Chen,
Yutian; Lillicrap, Timothy; Ean, Hui; Sifre, Laurent; Driessche, George van den;
Graepel, Thore; Hassabis, Demis (19 October 2017). "Mastering the game of Go
without human knowledge". Nature. 550 (7676): 354—-359 48



https://en.wikipedia.org/wiki/David_Silver_(programmer)
https://en.wikipedia.org/wiki/Aja_Huang
https://en.wikipedia.org/wiki/Chen_Yutian
https://en.wikipedia.org/wiki/Chen_Yutian
https://en.wikipedia.org/wiki/Fan_Hui
https://en.wikipedia.org/wiki/Demis_Hassabis
https://www.nature.com/nature/journal/v550/n7676/full/nature24270.html
https://www.nature.com/nature/journal/v550/n7676/full/nature24270.html
https://en.wikipedia.org/wiki/Nature_(journal)

Bigshots - Machine Learning

e Geoffrey Hinton (University of Montreal)
— Nature em 1986
» Backpropagation
— Science em 2006
» Stacker Auto-encoder

— reducao de dimensionalidade

— Explorou ImageNet 2012
* Lecun & Bengio
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Bigshots - Machine Learning

 Yoshua Bengio - University of Montreal
— Trabalhos teoricos (insights)
— Continua fazendo pesquisa
* Irmao esta na Google (Sammy Bengio)
« Hinton & Bengio
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Bigshots - Machine Learning

e Yann Lecun - Facebbok / NYU
— "Pai” da Rede de Convolucao

— 1989 Trabalho de graduacao (ESIEE-Paris)
— 1998 - Convolucao para Back-propagation
— 1991 PostDoc (University of Toronto)

* Hinton

— 1996 AT&T Labs - Image Processing Head
— 2003 NYU (New York University)

— 2013 - Chief Al Scientist for Facebook Al Rs
« Hinton & Bengio
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Bigshots - Machine Learning

e Jurgen Schmidhuber (Switzerland)
— (Re)Clama / Questiona autorias

— 2012 - Reconhecedor de Placas de Transito
Acuracia superior a de seres humanos (99,36%/98,48%)

EECDE-- &

OLRCORMED ~- | f1 1 1 §
ﬂr @ E

m:@m Adapthisteq

PSS sl 7 ._ § g

!’@Eﬁ Contrast

e D. Ciresan, U. Meier, J. Masci, Jurgen Schmidhuber. Multi-column deep neural network
for traffic sign classification, Neural Networks, 2012 (citado por 468 jul/2018)
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Bigshots - Machine Learning

* Andrew NG - (Stanford University)
— Aprendizado nao-supervisionado dos pesos
* Clusters (k-means) originam pesos
— O proximo breakthrough esta aqui ?77??

— Excelente curso MOOC
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Bigshots - Machine Learning

e David Cox - Harvard / MIT
— Redes Imitam Cérebro
* Experimentos com ratos

— Nao ha aprendizado de pesos, mas sim otimizacao
da arquitetura
 Tamanhos das camadas da Rede relacionadas a
estrutura cerebral
* Pesos com Padrao (Media Zero e Norma Unitaria)
* Nicolas Pinto - Alta-performance (GPU)

54



Bigshots - Machine Learning

 David Cox - Harvard / MIT
— Cérebro & Redes de Convolucao

Visual System
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