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What are we
going to learn?
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Machine Learning
and having it Deep and Structured
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Deep Learning
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DNN: https://www.youtube.com/watch?v=Dr-WRIEFefw
* Tips for DNN: https://www.youtube.com/watch?v=xki61j7z-30
* CNN: https://www.youtube.com/watch?v=FrKWiRv254g
* RNN (Part 1): https://www.youtube.com/watch?v=xCGidAeyS4M
* RNN (Part 2): https://www.youtube.com/watch?v=xCGidAeyS4M
* Why Deep: https://www.youtube.com/watch?v=XsC9byQkUH8
* Auto-encoder: https://www.youtube.com/watch?v=Tk5B4seA-AU

* Deep generative model (Part 1):
https://www.youtube.com/watch?v=YNUek8ioAJk

* Deep generative model (Part 2):
https://www.youtube.com/watch?v=8zomhgKrsmQ



Deep Learning

* |n this course




Structured (Output) Learning

Machine learning is to find a function f

f: X oY

Regression: output a scalar
Classification: output a “class” (one-hot vector)

Class 1 Class 2 Class 3
Structured Learning: output a sequence, a matrix,
a graph, a tree ......

Output is composed of components with dependency



Output Sequence f: X oY

Machine Translation

X o “fERES AT T S Y - “Machine learning and
GERE(L having it deep and structured”

(sentence of language 1) (sentence of language 2)

Speech Recognition

) M Y - A 5 AR

(speech) (transcription)

Chat-bot

X ' “How are you?” Y . “mfine”
(what a user says) (response of machine)



Output Matrix f: X oY

Image to Image Colorization:

X :

Text to Image

X  “this white and yellow flower Y *
have thin white petals and a
round yellow stamen”

ref: https://arxiv.org/pdf/1605.05396.pdf



Challenge of Structured Output

* The output space is very sparse:
* In classification, each class has some examples.

* In structured learning, most of the possible outputs
never exist

* Because the output components have dependency, they

»

should be considered globally.

v !

* Typical approach: structured SVM, CRF ... they are not deep

p




Next Wave

Deep and Structured

(e.g. Generative Adversarial Network, GAN)
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* +1[&: “Machine learning and having it deep and

structured (2017 spring)”

* https://www.facebook.com/groups/1042636162508032
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http://speech.ee.ntu.edu.tw/~tlkagk/courses M
LSD17.html
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* DNN: https://www.youtube.com/watch?v=Dr-
WRIEFefw

* CNN:
https://www.youtube.com/watch?v=FrKWiRv254g

* RNN (Part 1):
https://www.youtube.com/watch?v=xCGidAeyS4M

 RNN (Part 2):
https://www.youtube.com/watch?v=xCGidAeyS4M
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Part I: Applied Math and Machine Learning Basics

2. Linear Algebra

M
o
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l

3. Probability and
Information Theory

Y L

4. Numerical 5. Machine Learning
Computation Basics

Part II: Deep Networks: Modern Practices

6. Deep Feedforward

Networks
7. Regularization 8. Optimization 9. CNNs 10. RNNs

11. Practical

12. Applications
Methodology pplications




i

W

. S
=

Part III: Deep Learning Research

13. Linecar Factor
Models

—

14. Autoencoders

—

Y

16. Structured
Probabilistic Models

15. Representation
Learning

v

19. Inference

Y

20. Deep Generative

Models

17. Monte Carlo
Methods

Y

18. Partition
Function
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. 22 ZE[E| (deep generative model)

: JiIK A%z A (sequence-to-sequence
learning plus reinforcement learning)
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* Google Cloud Free Trial
https://cloud.google.com/free-trial/

S300 USD{E FHZEE, 60K AA XY, GPU: Nvidia Tesla K80
(0.8 USD per hour -> & 0] 3H4& FH WA 72)

e Rescale
https://www.rescale.com/deep-learning/
FEfL S50 ZHEHY deep learning free trial » 5 TeslaZE4)
GPU (Tensorflow, torch, pylearn &8 ZE4+ 1)



https://cloud.google.com/free-trial/
https://www.rescale.com/deep-learning/

Final Project
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Motivation
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Description
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Fxample: RBM A2l E T

* In the past, RBM initialization = Deep Learning
* Today, RBM is seldom used.

* Why it is not very helpful today?
* We have more data today?
* We are better at training today?
* It is not very helpful at the beginning?



http://www.deeplearningbook.org/contents/optimization.html

Example:
Training stuck because .... ? (1)

* People believe training stuck because the
parameters are near a local minima

Classification error rate
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Training time (epochs)

How about
~saddle point?



http://www.deeplearningbook.org/contents/optimization.html

Example:
Training stuck because .... ? (2)

* People believe training stuck because the
parameters are around a critical point
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Deep works better simply

because it uses more parameters. M

Shallow Deep



Example:
~TC e B, 3> =3 I, B4
SBR[

The same number
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Shallow Deep



Example:
[t B LR A T 2

* Discussion in the previous lecture:

e http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS 201
5 2/Lecture/Brief%20ML%20(v2).ecm.mp4/index.html

* https://www.youtube.com/watch?v=XsC9byQkUHS8

* For some kinds of functions, deep structure can
represent the them with less parameters

e Shallow network is more likely to memorize the training
data (overfitting)

* We use deep learning because we don’t have sufficient
training data.


http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2015_2/Lecture/Brief ML (v2).ecm.mp4/index.html
https://www.youtube.com/watch?v=XsC9byQkUH8

Example: Adam

H.
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e Usually Adam is the default optimization strategy.

* Adam harms the performance when training GAN.
https://arxiv.org/pdf/1701.07875.pdf
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