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Machine Learning
and having it Deep and Structured
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Practice of Deep Learning

* Previous machine learning developers
 Carefully design your algorithm
* Theoretically know its performance

* Deep learning
* Try first
* Many results contradict our intuition
* Find some reasons to explain what we observed
* More like chemistry
* Or even worse ......






Practice of Deep Learning

* Even a simple model can be hard to train ......



Practice of Deep Learning

* Interesting facts ......



From: Boris
To: Ali

"On Frnday, someone on another team changed the default rounding
mode of some Tensorflow intermals (from “truncate toward 0" to
“round to even”)

Qur training broke. Our error rate went from <25% error 10 ~99 . 97%
error (on a standard 0-1 binary loss).”

Ali Rahimi, Test of Time Award, NIPS 2017



Theory of Deep Learning

e A network structure defines a
function set

e |s deep better than shallow?

e How can we optimize by gradient
descent?

e There are local minima ......

Theory 2:
Optimization

e Why deep network does not
overfit?

e Although it can ......

Theory 3:
Generalization




Spatial

Theory 2 transformer

Theory 3
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Structured Learning

Machine learning is to find a function f

f: X oY

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

1o o Mo 1 oo o1

Class 1 Class 2 Class 3

Structured Learning/Prediction: 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 ERES XA T T S Y : “Machine learning and
GERE(L having it deep and structured”

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

Speech Recognition

X: ohal-o—ood Y AT R

(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



Reinforcement Learning
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Spatial
Theory 2 transformer
v
e
Theory 3
GAN .
- Generation
Value-based Policy-based Adversarial
Approach Approach (PPO) Network (GAN)
—\A—L v v
P Sequence Conditional
Actor-Critic Generation +  Generation
¥ v
Unsupervised
Imitation Learning Auto Conditional
RL ML Generation
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« HW1 @ FEEF R S44E#E
* 1-1: Deep is better than shallow?
e 1-2:Is local minima an issue?

* 1-3: Is deep learning generalizable?

* HW2 @ Seqg-to-seq model
e 2-1: Video caption generation
e 2-2: Chat-bot (option)
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* HW3: Generative Adversarial Network (GAN)
* 3-1: Generation
e 3-2: Conditional Generation

* 3-3: Unsupervised Conditional Generation
(option)

* HW4: Reinforcement learning
* 4-1: Policy gradient
e 4-2: Q-learning
* 4-3: Actor-critic
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* 1[&: “Machine learning and having it deep and
structured (2018 spring)”
* https://www.facebook.com/groups/907901649378100/
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* KRR ENL Rolaa S B Al afAE
» FeZ(AET] ¢ BESE A — (RS2 EEAR (o8,

Tensorflow, pyTorch)
* [ Keras A 5E AT A HITESE
 FREMIR ORI E R -
* Tensorflow

* https://fgc.stpi.narl.org.tw/activity/videoDetail/4b1141305d9cd2
31015d9d07dbe1002a

* https://fgc.stpi.narl.org.tw/activity/videoDetail/4b1141305d9cd?2
31015d9d0852c5002b

* https://fgc.stpi.narl.org.tw/activity/videoDetail/4b1141305d9cd?2
31015d9d08fb62002d

e pyTorch

* https://fgc.stpi.narl.org.tw/activity/videoDetail/4b1141305d9cd?2
31015d9d0992ef0030
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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

e Reinforcement Learning:
https://www.youtube.com/watch?v=W8XF3ME8G2I
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