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Feature extractor replacing
feature engineering
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« BRI JT)2RRREE
- logistic function--E 4 43

(BB ABIFER © wiki)

Hours 0.50 0.75 1.00 1.256 1.50 1.75 1.75 2.00 2.25 2.50 2.75 3.00 3.25 3.50 4.00 4.25 4.50 4.75 5.00 5.50

Pass | 0 0 0 0 0 0 1 0 1 0 1 0 1 0 1 1 1 1 1 1

Coefficient Std.Error P-value

Intercept -4.0777 1.7610 0.0206

Hours 1.5046 0.6287 0.0167

Hours Passing exam 1
of study Log-odds Odds Probability -
1 ~2.57 0.076 = 1:13.1 0.07 - - 1 + b (Bo+Br1+B272)

2 -1.07 0.34 = 1:2.91 0.26
3 0.44 1.55 0.61
4 1.94 6.96 0.87
5 3.45 314 0.97
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« fTEE=Z " capacity .
- "training error; & ' generalization error .

Underfitting Appropriate capacity Overfitting

n Ty T

(B R%E : Ian GoodfellowfYDeep LearningE%E)



IEAR{E(Regularization)

« JB/> T generalization error |
« 824l : JBEFMweight decay

Underfitting Appropriate weight decay Overfitting
(Excessive ) (Medium \) (A—=0)
°® ° m
= i = = |
z, z, ,

(B R %E : lan GoodfellowfDeep Learning=%E&)
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« B AITHEE EE AT
« Tvalidation set; B2 EGEEENSIR

Setting Hyperparameters

Idea #1: Choose hyperparameters

BAD: K = 1 always works
that work best on the data

perfectly on training data

Your Dataset

Idea #2: Split data into train and test, choose

BAD: No idea how algorithm
hyperparameters that work best on test data

will perform on new data

train

test
Idea #3: Split data into train, val, and test; choose Better!
hyperparameters on val and evaluate on test )
train validation test

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 2 - 40 UnivgEsity, 2017

(Bl /25 : Stanfordfdcs231niRIEAR)
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SVM
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soft-margin Gaussian SVM
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30



N -

—t—

—~RAFIB I RVE

[Breese & Koller, 97]
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K-means

 Partition-based methods
s ZEEM T AER

" Qriginal Dats Point = . . Kmeans . . Gaussian Kermel Kmaans, sigma = 4
. " " . . 0

™

oK
s S A
AL i

%A X x

-0 L L L L L " L 0 L L L L L L 1 i L L L L L L L
8 6 4 -2 0 2 4 6 8 8 B 4 2 0 2 4 5 -3 105 & ] o n a2 1 3 2

The original data set The result of K-Means clustering The result of Gaussian Kernel K-Means clustering

(Bl R 58 - 51F)
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201801 501 161 32.14% 5.0%
201802 516 162 31.40% 5.9%
201803 568 187 32.92% 6.1%

Total 1585 510 32.18%
201801-03
KT R ZBZE B ZBEC A
>0.5 26 16 61.54%
>0.4 154 81l 52.60%
>0.3 858 322 37.53%
>0.0 1585 510 32.18%
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1958: Perceptron (linear model)
1969: Perceptron has limitation

1980s: Multi-layer perceptron
* Do not have significant difference from DNN today

1986: Backpropagation
* Usually more than 3 hidden layers is not helpful

1989: 1 hidden layer is “good enough”, why deep?
2006: RBM initialization (breakthrough)

2009: GPU

2011: Start to be popular in speech recognition
2012: win ILSVRC image competition

DBN structure

©OOO000) h

RBM
Q000000 h (ooopooo) h;

©O0Q00O »  ©OCLOCO) M @oo:oooo) m
REM ' A
©O00000) x  ©OCO0O0)

©OO0000) =

(XFREBRR : FTRIBEEN LRPPT)
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 EAEE K B Bsigmoid - ZRINBEFRZESH

f:RN — RM
Input Layer 1  Layer 2 Layer L Output

xl ...... —_— yl
vector A AN ... y, vector
X . = C 5 . y
Xoe— —3 ... VM
\ J
Input | Output

Hidden Layers

Layer Layer

(BRZKRR . ZREERM _LZRPPT) 43



CNN

g {EERITER
- iR EERVEA--Bl& =

e<I-

The whole CNN

Fully Connected
Feedforward network

¥

Max Pooling

Convolution

Max Pooling

> Can repeat
many times

J
B /AR : FRIREED LRPPT)
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CNN

« ILSVRC

Error Rate in Image Classification(%)

30%

25%

20%

15%

10%

5%

L)

Human Performance Zone

NEC-UIUC
(2010)

XRCE
(2011)

AlexNet
(2012)

ZFNet
(2013)

GoogLeNet ResNet SENet
(2014) (2015) (2017)

(B A& : wordpress ERIAFEAR)
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CNNIJE,

17 Segmentation

- Deep Learning#l : EFHRFE 75528
s WSMAEM :
Dilated Convolutions ~ encoder-decoder architecture

(Bl /25 : Stanfordfics231niRIEAR) 46
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Sliding Window — Selective Search

Object Detection as Classification: Sliding Window

Apply a CNN to many different crops of the
image, CNN classifies each crop as object
or background

Dog? NO
Cat? NO
Background? YES

R-CNN: Regions with CNN features

waped region
| - = [ ] |
e ;
N

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 11 - 57UW’|¥1‘§F%"(§}’201 1 ik

(B R %8 : Stanfordf9cs231niREAR)

Q

____________________

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions
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RNN
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BpilE

) i h and h’ are vectors with
e Given fun ‘h' v =
en function f: h Y f (h’ x) the same dimension

. qzﬂqzﬂqgﬂ ......

(BLE 3R - SRBEL LRPPT)
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» GRU--Z 808>

o @

A
State:(ct’ ht)
Creq 4 < )
M . »  gate
Ganh>

f j ) o 5

I?”?HtalnhHgl
DaN g -

S o 28

J
update {

= U(Wi[ht—1,xt] + by)

f = O—(Wf[ht—ljxt] + bf)

0 =oc(W,[he_1, x¢] + by)

= tanh(W;[h¢_1, x¢] + b;)
= fOct1 +iOj

ht = o©tanh(c;)

(BAKR . ZRIERM LRPPT)
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* Speech Recognition: CNN/LSTM/DNN + HMM * Semantic Tagging: Bi-directional LSTM +

L1 5 CRF/Structured SVM
P(x,y) = P(lstart) | | PGty Pendiyy) | | PGalw) N N

=1 =1 e u L D J ...... ‘ w - ¢(x’ y)
P(alx) P(b|x) P(c|x) - P(x,,y) 4

P(xily) = o) s RNN — "
| RNN | T .
...... —> RNN — -+ ~ P (y,]x,) Pésep vevess b RNN — oo Testing:
1 | - PO 1 y = arg max w-p(x,y)

...... U ‘x, D |-

(BR50E - SRBELT LEPPT)
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» GoogleFINASZRBE AR 4 R

Neural Architecture Search with
Reinforcement Learning Computation Issue?

* Original version: 450 GPUs for 3-4 days (32,400-
43,200 GPU hours).

* New version: Nvidia GTX 1080Ti GPU takes less
than 16 hours.

* Main idea: forcing all child models to share weights
to instead of training from scratch.

LSTM From Reinforcement Learning

elem_mult

tanh A "
sigioid sigmoid tanh Hieu Pham, Melody Y. Guan, Barret Zoph, Quoc V. Le, Jeff Dean, “Efficient

Neural Architecture Search via Parameter Sharing”, arXiv, 2018

(BAKR . ZREERM LRPPT)
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BRI E X E R = BE--QANet
B AlphaGoHEEXFIMR--188E2 8 / PR IVIBREH
B R B E--E ATV A ES (GAN)

52



QANet

» GoogleR2018F WL RIZRTE - BB AFAZRIR

Model
Start Probability End Probability
A A
|

Concat

[
Stacked Model
Encoder Blocks

Stacked Model
Encoder Blocks
Stacked Model

Encoder Blocks

( Context-Query Attention )

— e

Stacked Embedding
Encoder Blocks
Embedding
00O

Context Question

OO0O0O

One Encoder
Block

s

Self-attention

A

> (+) epeat

R
Layernorm
.

\ Position Encoding /

(B B 558 : QANetiA <)
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QANet--Input Embedding Layer

- Word embedding (5 &2 B8 Bé#)
» Character embedding (#& 5l G &8)

AL

 Highway network (A& ZE N E)

Word embedding

+ » Highway network

Character embedding

(B B 558 : QANetiA <)
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QANet--Embedding Encoder Layer

- Depthwise separable convolutions (&I &)
- Self-attention (£ EE:H)
- Feed-forward-layer (7JI] R)

Block
/ - >
I;

(B B 558 : QANetiA <)
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L b

* Q-Learning ~ PPO — Actor-critic — A3C

(B R 58 : QANetii )
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33 21>) = =arp
- BB AN
The expert is always
the best.
N N
D RE)> D R
n=1 n=1
1 Obtain

I_> Reward Function R

'

| Reward ‘

Function R

'

Find an actor based
on reward function R

Actor
— Generator

Reward function
— Discriminator

(BAKR . ZREERM LRPPT)

By Reinforcement learning 57
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1000

50000

(BLE 3R - SRBEL LRPPT)
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GAN

o B \EIRYE A

This is where the term

“adversarial’ comes from.

BaSiC |dea Of GAN You can explain the process

in different ways.......

(B LR AR - SRBEL LRPPT)

Real images: m&w w @5 59
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