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Classical Machine Learning vs. Deep Learning
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From Hand-Crafted Features to
Representation Learning

Machine Learning
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Deep Learning
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Why didn’t we do it before?

We needed to go deeper: more parameters, more sophisticated features

"Non-deep" feedforward Deep neural network
neural network
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It would take forever to tell a cat from a dog!
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What made it possible?

Convolutional Layers
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GPU: Graphical Processing Unit

https://www.wikihow.com/Connect-an-External-TV-Tuner-Card-to-a-Desktop
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GPU: Graphical Processing Unit

Why a GPU?

GPU
Optimized for Many

Optimized for Parallel Tasks

Serial Tasks
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Convolutional Layers

https://www.analyticsindiamag.com/convolutional-neural-network-image-classification-overview
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Why Convolutional Layers help?

“Shared Weights”

Seongwon Hwang, “Convolutional Neural Network (CNN) presentation from theory to code in Theano”
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Deep ConvNets
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L
Hierarchical

Representation Learning
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On the Importance of Data
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On the Importance of Data

Small Dataset =i over-fitting

It's a cat
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The Rapid Evolution of Deep Learning
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Classification
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https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
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Classification

* Question: examples from other domains?
(E.g. Astronomy)

GALAXY GALAXY GALAKY GALAKXY

GALAXY GALAXY GALAXY

https://github.com/EdwardJKim/dl4astro/
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Regression

Sedaghat, Brox, “Unsupervised Generation of a Viewpoint Annotated Car Dataset from Videos”




Regression

* Question: What examples can you think of in
Sky/Earth?

Nov 2018, Tuorla



Encoder-Decoder Networks
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E.g. Auto-Encoder
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-
Why an Auto-Encoder?
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E.g. De-noising
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Question: How would you train this?
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RGB Image

E.g. Segmentation

Convolutional Encoder-Decoder

Pooling Indices \ S

-Con\-r + Batch Normalisation + RelU
I Pooling [ Upsampling Softmax

Output

Segmentation
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E.g. Optical Flow (Motion) Estimation
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Generative Adversarial Network (GAN)

Training Data

1 (Real)
0 (Fake)

Discriminator

Latent Sample

B.199721084, 0. 42638238, -08,71335988,
D.27T61T624, 0.0455004 , -0, 82961047,
B. 7449326 , 9.305852 ., -8.B1311934,
0.02522808, 0.60752068, 0.42092858,
P.B6428853, ©.14708781, 0.42457545,
P.BATIO5G4, 0.26471074, -0.39863341,
-9.41719925, -0.71651508, @.26192929,
0.B8549566, 0.65559716, -0.18518651,

Generator

https://towardsdatascience.com/understanding-generative-adversarial-networks-4dafc963f2ef
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Antreas Antoniou et al., “Data Augmentation Generative Adversarial Networks”

GAN Use-case example
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Deep Learning and Types of Supervision
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-
Deep Learning and Types of
Supervision

* Fully Supervised Learning

* Unsupervised/Self-Supervised Learning

 Reinforcement Learning

e (Imitation Learning)
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Fully Supervised Learning

* During Training: Input AND Output
Labels

Annotations
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Unsupervised/Self-supervised Learning

 No Labels
* No “unsupervised task” such as clustering

» Use self-supervision instead
- Auto-encoder
- Denolising
- Jigsaw-puzzle
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Reinforcement Learning

AGENT ENVIRONMENT
-State s €S

- Take action a € A

.

- Getreward ¥
-Newstate s' € S
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Reinforcement Learning

Google DeepMind’s RL

Nov 2018, Tuorla



Covariate Shift and Domain Adaptation

— Training
- Test
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Covariate Shift and Domain Adaptation

Switch Function

| ~
e Branch 1:
Flow Estimation

. Branch 2:
Frame Prediction J

Mux

Hybrid Learning of Optical Flow and Next Frame Prediction to Boost Optical Flow in the Wild.
Nima Sedaghat, Zolfaghari M., Brox T.
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Probabilistic Networks

-W1 (Bayesian)
-b , (Bayesian)
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https://medium.com/@joeDiHare/deep-bayesian-neural-networks-952763a9537
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Application Example: TransiNet

Reference Image Science Image ldeal output
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