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Three Steps for Deep Learning
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Deeper Is Better?

Word Error
Rate (%)

Layer X Size
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Seide, Frank, Gang Li, and Dong Yu. "Conversational Speech Transcription
Using Context-Dependent Deep Neural Networks." Interspeech. 2011.
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eplearning.com/chap4.html
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http://neuralnetworksandde/

Fat + Short v.s. Thin + Tall




Fat + Short v.s. Thin + Tall

Word Error Word Error

Layer X Size Rate (%) Layer X Size Rate (%)

Why?

Seide, Frank, Gang Li, and Dong Yu. "Conversational Speech Transcription
Using Context-Dependent Deep Neural Networks." Interspeech. 2011.
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Reference: Zeiler, M. D., & Fergus, R.

1(-‘4- 2 H 'f N (2014). Visualizing and understanding
JIW i convolutional networks. In Computer
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If you want to learn theano:
http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS 2015 2/L

Ke 'as ecture/Theano%20DNN.ecm.mp4/index.html
http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS 2015 2/Le
cture/RNN%20training%20(v6).ecm.mp4/index.html
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Keras

* Francois Chollet /& Keras 1] £I/# 35 .
o fih H AT 7E SR IEAT IR B 22 TREATAIRR 73 B

e Keras means horn in Greek
o X F&: http://keras.io/
o 7N https://github.com/fchollet/keras/tree/master/exa mples
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MNIST Data: http://yann.lecun.com/exdb/mnist/
“Hello world” for deep learning

Keras provides data sets loading function: http://keras.io/datasets/



http://yann.lecun.com/exdb/mnist/
http://keras.io/datasets/
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Ke asS 300dness o the best

28x28
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model Active 1 O

output dim=

.add lense
500 .add( Activation(

S Oft maxX nodel .add ( Dense (output _-:::1 im=
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. Step 3: pick“

function

Keras Lof | the best

Step 3.1: il &
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Step 3.2: # B & 1 281

model . fit (x train, y train, batch s]

Training data Labels
(Images) (digits)

Next lecture



Step 3: pick

Ke I'dS the best

function

Step 3.2: F AR IE 28

model .fit (x train,

numpy array numpy array
- —
28 X28 ...... 10 oooooo
=784 VL
, e ——
Number of training examples Number of training examples

https://www.tensorflow.org/versions/r0.8/tutorials/mnist/beginners/index.html|



http://www.tensorflow.org/versions/r0.8/tutorials/mnist/beginners/index.html
http://www.tensorflow.org/versions/r0.8/tutorials/mnist/beginners/index.html

Step 3: pick

Ke raS the best

function

Trained
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http://keras.io/getting-started/faqg/#how-can-i-save-a-keras-model

Anal st FH A AL AR i (TER):

score = model .evalus
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Keras

« i F GPU M3
* Way 1
* THEANO_FLAGS=device=gpu0 python
YourCode.py
e Way 2 (in your code)
* import os

* os.environ["THEANO_FLAGS"] =
"device=gpu0"
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Let’s try It

_Efimizer=5ED{lr= ),
metrics=| 1)

model .compile (loss=
optimizer=SGD(lr= ) »
[

metrics=

1)
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Mini-batch
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Mini-batch

Original Gradient Descent
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Mini-batch &=

Original Gradient Descent With Mini-batch
Update after seeing all If there are 20 batches, update
examples 20 times in one epoch.
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* Rectified Linear Unit (ReLU)
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Let's try It
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Adagrad

Original: w«<w —ndL /dw

Adagrad: w«w —|[:

gtis dL / 0w obtained
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http://keras.io/regularizers/

FSEE IR,

i E S U

Dropout

A % 2

7RI B Y
R A?

rEallaR S B Y
RS2




Dropout

/‘
Au ‘ ﬁ

S

\

> FIREHSB T
® FHEAHASTC A A p% ML R4k F 28




Dropout

Thinner!
> FHE#HETC #A pR MR EE
® EREMEETT #H p% FIME R4 £ 3
) R T ML
® /5 FH A I A g 25 Bl 4

HREHENALEE R, B FFr PRk Rk dropout i &£ T




Dropout
\‘@I'—l-‘é!l:

> A dropout

® U1 % dropout rate fFill & 4L &
p%, B IR EEIRLL (1-p)%

® {i5X dropout rate #& 50%.
If a weight w =1 by training, set w = 0.5 for testing.
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The whole CNN

Max Pooling




The whole CNN
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Convolution

Max Pooling

>

G
EQUN

Lml




The whole CNN £,

\

Max Pooling

Fully Connected
Feedforward network Convolution

Max Pooling




CNN — &5

B RAELEE NS
1(-1]-1
1/0]0]0]0]1 1| 1 | -1 | Filter1l
0[1][0[0[1]|0 a1 | 1 | b
ojlo|1|1]0]0
1{of0f0|1|0 nd e
ol1lolo 110 -1 1 -1 Filter 2
olo|1]|0|1|0 a1 || B
6 X 6image

t(l filter £R3A1—1& />
Property 1 PR (3 x 3).



Filter 1

-1
-1

-1
1

-1

1
-1

=+
=

CNN — %F

0

00| 1
0

1040 1]|0
1

Oj 0|1

1
0

110[{0]0]1]0

0, 1,0/,01]0

0, 01,0, 1]0

6 X 6image
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If o R=2

We set stride=1 below
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CNN — Convolution
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Fully Connected
Feedforward network

Flatten

.

Can repeat
many times



CNN — Max Pooling
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CNN — Max Pooling
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The whole CNN
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The whole CNN

Fully Connected
Feedforward network

Flatten

Convolution
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Convolution

Max Pooling
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Convolution
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Max Pooling

Convolution

> Can repeat
many times
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1-of-N encoding

P e 1% 18] B ] 2 70 ol {18 e [

1-of-N Encoding i = {apple, bag, cat, dog, elephant}

7] B m) SR /)N apple=[1 0 0 O O]
AR by 9% S10 1900

—1[f] B4 5] cat ={0 O 1 0 O]
TS5 R AERGE L, HAt dog =[0 0 0 1 O
20 elephant =[0 0 0O O 1]




Beyond 1-of-N encoding

Dimension for “Other”

0
0
cat ¢ 0
0
elephant & O

“other” 1

w = “Gandalf” w =“Sauron”

Word hashing

a-a-a | Q \
a-a-b 0
io I

: 5 > 26 X 26 X 26
p-l-e @
p-b-l ;,
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dest depa rture
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Problem? ><
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Probability of Probability of Probability of
“arrive” in each slot  “Taipei” in eachslot  “on” in each slot
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Talpei November




RNN " Different

Prob of “Taipei” Prob of “arrive” | Prob of “Taipei”
in each slot in each slot in each slot

Prob of “leave”
in each slot
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Long Short-term Memory (LSTM)

Other part of the network

RFIR A A IO 1%
= Bl oy . i
{5 942 il e 5 4 inputs,
the output gate 1 output
(Other part of
the network ' .
work) Forget 18 PR
Gate the forget gate
(Other part of

the network)

o w_
the input gate
(Other part of
the network)

Input Gate

Other part of the network
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Forget

Input Gate

g9(z)
v

¢ f(z)

cf (z¢)

2, @f (2:) -8 9(f(2)

Gate
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sigmoid function
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Multiple-layer
LSTM

https://img.komicolle.org/2015-09-20/src/14426967627131.gif
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Backpropagation @
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« sometimes
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Epoch

Total Loss




Total Loss

[Razvan Pascanu, ICML'13]
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* Long Short-term Memory (LSTM)
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» Memory and input are
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Many to Many (& HH B 5D)

. Fkﬁﬂﬁtﬂﬁﬁm}? 5\, (2 EeAT
* E.g. Pl Pk

Output: “#F#ZE"” (character sequence)

Problem? t

Why can’t it be B S = R %%%%
SRR I

IIIIIII eauer
Input:
sequence)



Many to Many (No Limitation)

o Higr N\ K H A5 2 AN [FHR EE /7 %)) > Sequence to sequence

learning
* E.g. HEZ5E7E (machine learning > 25E27H)
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300

200
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0 metres Great Pyramid

P Empire State Taipei 101 CN Tower Varsaw Radio Mast
iza

(New York) (Taipei) (Toronto) (Gabin)

Eiffel Tower Petronas Towers World Trade Center KVLY-TV Mast Burj Khalifa
(Paris) (Kuala Lumpur) (New York) (Blanchard) (Dubai)

https://zh.wikipedia.org/wiki/%E9%9B%99%E5%B3%B0%E5%A1%944#/me

dia/File:BurjDubaiHeight.svg
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http://cs231n.stanford.e
du/slides/winter1516_le
cture8.pdf

7.3% P

| coua-g¢
" couney

’ [ wsks )
AlexNet (2012) VGG (2014)

GoogIeNet (2014)


http://cs231n.stanford.e/
http://cs231n.stanford.e/
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152 layers
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AlexNet VGG GoogleNet Residual Net Taipei
(2012) (2014) (2014) (2015) 101
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Ensemble < 4layers

2 layers
—

Residual Networks are Exponential
Ensembles of Relatively Shallow
Networks
https://arxiv.org/abs/1605.06431
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FractalNet: Ultra-Deep
Neural Networks without
Residuals
https://arxiv.org/abs/1605.0

648
eshet in Resnet

Resnet in Resnet: Generalizing
Residual Architectures
https://arxiv.org/abs/1603.080
29

Good Initialization?
All you need is a good init

http://arxiv.org/pdf/1511.06422v7.pdf
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Ultra Deep Network
B 2 A TR T N B A

: Y

copy Gate
controller

| |
! !
Deep Residual Learning for Image Training Very Deep Networks

Recognition https://arxiv.org/pdf/1507.062
http://arxiv.org/abs/1512.03385 28v2.pdf

copy
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http://henrylo1605.blogspot.tw/2015/05/blog-post 56.html
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Reading Head
Controller

Reading Head
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What is the mustache
made of?

Al System

bananas

source: http://visualga.org/



http://visualqa.org/
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* Huijuan Xu, Kate Saenko. Ask, Attend and Answer: Exploring
Question-Guided Spatial Attention for Visual Question
Answering. arXiv Pre-Print, 2015

Is there a red square on the bottom of the cat?
GT: yes Prediction: yes
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* Example:

Audio Story: | = (The original story is 5 minlong.)
Question: “ What is a possible origin of Venus’ clouds? ”

Choices:

(A) gases released as a result of volcanic activity

(B) chemical reactions caused by high surface temperatures

(C) bursts of radio energy from the plane's surface

(D) strong winds that blow dust into the atmosphere



R A

o RRTRANES

e gt b g A
AL

« 6lf4: 2] ﬁﬁmﬁﬁm

o A TR ”a 10

o RSH: 75 Mk s E’Jfﬁfﬂ?ﬂ’”“k HHFE S



SRV

Don’t do
that




JREY

- —‘F.ﬁ'

]

mr
.
4

Hefig(Agent) S &
jwc YHHH[A] Rk

PREATEY




BiE S Vs, iR B E

i EN

\
Iy

X

:

Eﬁ

8 ﬁ ”Hello” Say “Hi”

R HRE 8 “Bye bye"] Say “Good bye”
e Rfk 2 H
3. 83—

Hello ©

e
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B N AC TR (] 3
T I

{0: AlphaGo

Reward N —Ik

If win, reward =1

If loss, reward =-1

Otherwise, reward =0



Next move:
113_3”

#»%. Next move:
115_5”

First move » ...... many moves ...... » Win!
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* E.g. Playing Go
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* E.g. Exploration
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“Deep Learning”}

\

user

-

“Deep Learning” related to Machine Learning?
“Deep Learning” related to Education?
N /
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120

Some depth is needed. ~

100 \
80

Better retrieval

performance,

Less user labor

- The task cannot be addressed

/\/\ /by linear model.
A0 / —

Total Reward

20

0
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

More Interaction e———) Training Epochs

—|inear 2-layer 4-layer
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* Alpha Go, bt T8, HI55
« HITHERAT
https://www.youtube.com/watch?v=0JL04JJjocc
* Driving
* https://www.youtube.com/watch?v=0xo1Ldx3L
5Q

* Google Cuts Its Giant Electricity Bill With
DeepMind-Powered Al
 http://www.bloomberg.com/news/articles/2016-07-
19/google-cuts-its-giant-electricity-bill-with-deepmind-
powered-ai
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e Ultra Deep Network

New network structure
e Attention Model } ©

Reinforcement Learning

Unsupervised Learning

e Text: Understandmg the Meaning of Words

e Audio: Learning human language without
supervision
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Ref: https://openai.com/blog/generative-models/
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Deep Dream
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http: //deepdreamgenerator com/



http://deepdreamgenerator.com/

eep Dream

CHASE TR BRI B B o
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http://deepdreamgenerator.com/



http://deepdreamgenerator.com/

Deep Style
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https://dreamscopeapp.com/



Deep Style
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https://dreamscopeapp.com/



Deep Style
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color of color of color of
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* https://arxiv.org/abs/1601.06759
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Neural Network



Auto-encoder
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code » Decoder ‘ ,*zl

Learn together
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As close as possible
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« B0y Q%ﬁﬁ)ﬁﬁ%%% (VAE)
* Ref: Auto-Encoding Variational Bayes,
https://arxiv.org/abs/1312.6114

A RPN ES (GAN)

* Ref: Generative Adversarial Networks,
http://arxiv.org/abs/1406.2661
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Ref: https://openai.com/blog/generative-models/



https://github.com/mattya/chainer-DCGAN
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http://top-breaking-news.com/
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draw
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Source: http://www.slideshare.net/hustwj/cikm-keynotenov2014
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A = V(Germany)
DEJ I_EJ B2 ~ VV(Berlin) — V(Rome) + V(Italy)

« KF1EL
V(hotter) — V(hot) = V(bigger) — V(big)
V(Rome) — V(Italy) = V(Berlin) — V(Germany)
V(king) — V(queen) = V(uncle) — V(aunt)

o RRFALL

Rome : Italy = Berlin : ?

Compute V(Berlin) — V(Rome) + V(Italy)

Find the word w with the closest V(w)
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Sequence-to-sequence
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WaveNet (DeepMind)

Output

Hidden
Layer

Hidden
Layer

Hidden
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Input
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https://deepmind.com/blog/wavenet-generative-model-raw-audio/
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http://www.express.co.uk/news/science/651202/First-step-towards-The-Terminator-
becoming-reality-Al-beats-champ-of-world-s-oldest-game
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