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Getting started: 30 seconds to Keras

from keras.models import Sequential
from keras.layers import Dense, Activation
from keras.optimizers import SGD

model = Sequential()
model.add(Dense(output_dim=64, input_dim=100))
model.add(Activation("relu"))
model.add(Dense(output_dim=10))
model.add(Activation("softmax"))

model.compile(loss='categorical _crossentropy’,
optimizer='sgd’, metrics=['accuracy'])

model.fit(X_train, Y _train, nb_epoch=5, batch_size=32)

loss = model.evaluate(X_test, Y _test, batch_size=32)
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Large Scale Visual Recognition Challenge
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AlexNet

» 2012 ILSVRC winner

» (top 5 error of 16\% compared to runner-up with 26\ % error
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The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k= 128, 256 and 384 filters.

policy network:

[19%x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)

» 5 X A % 1202 AACPU #2176 $GPU
» BAHURK: 48 ANCPU F=8 3 GPU
y A TFRE: 3 B2 A

W
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Mask RCNN
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TREAERZE o] 25

%i ﬁu)\ﬁﬂ X1:T = {xl,xg, N ,KT}: ?ﬁﬁﬁ@éwﬂg’lﬁﬂ?ﬁ
&iﬁfﬁﬁ%ﬁiﬁﬂﬁﬁﬁ%ﬂﬁﬁﬂﬂ%ﬁfﬁ h;:

it 2
b= t=20 a8 2 HEIR 38
flhy_1,x;) otherwise ‘.\—/
NG

BRARME, A B K AP E W &5 IR EF ) 96



ht = f(Uht_l + Wxt + b),
| T T T T
hy - hy hy hy —=--— hy
RNNZ B 2 7% 2% M8 (Siegelmann and
Sontag, 1995)

P o
L il -

FNN: #2344 & %%
RNN: e 5 (iFFEE482)
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» VB IR B BEAR B £ A

hy =hy1 + g(x¢:;0),
» 32 o dE 2%

ht — ht_]_ -+ Q(thht—l; 9)&

7K E W 442
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KRR ZHE /NS . LSTM
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. Jia] i 70 7 € . JF1) ik il . Ir) g I 4

if = J(Wi}{t -+ Ufght_l -+ bi), C; = t&ﬂh(Wc}{t +Uch; 1 + bc)
fi =o0c(Wix; +Ush; 1 +by),

¢, =f GOc1+1 @cy,
o = a(Woxy + Ushy—1 + by), h; = o; @ tanh (cy)

s
K
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158 | A FEREE R 2

Recursive Neural Network

b A2 W L& S — ANR e AR E B FE A
28 5 %) 4%

X
hl:f(W -I_b): Y
X2
i
— = h:ﬂ
X3 o —
h2:f(W -I'b): h, h-
X4
h
h; = f(W : + b)
h,
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» SR AY A HE R AV 22 R 4

h, = f(hy—1,%:), Vsl i

D
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(@) Molecule (b) Mass-Spring System

o o \{"')

”..

n-body System (d) Rigid Body System
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(e) Sentence and Parse Tree () Image and Fully-Connected Scene Graph
@ o
o o AR 009
The brown / \. \ - ' # ‘\ g *
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Attributes

(a) Edge update (b) Node update (c¢) Global update

Relational inductive biases, deep learning, and graph networks
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Sentlmgnt 2T &
Analysis
1 1
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%szémﬁgj XA bR MWJ XL 1 EUHJ g
7
Positive (.E @)  Negative (5i &)  Positive (£ ) 1
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» Connectionist Temporal Classification (CTC) [Alex Graves,
ICML’ 06][Alex Graves, ICML’ 14][Hasim Sak, Interspeech”’ 15][Jie Li,
Interspeech” 15][Andrew Senior, ASRU’ 15]
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Vieion __Language | |A group of people
Deep CNN Generating shopplng at an
RNN outdoor market.
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A person riding a
motorcycle on a dirt road.

A skateboarder does a trick A dog is jumping to catch a
0N @ ramp. o frisbee.

Two hockey players are A little girl in a pink hat is A refrigerator filled with lots of
fighting over the puck. blowing bubbles. food and drinks.

A herd of elephants walkin
across a d 4 rass field. . A closz:;;c:foa:‘::t laying A red motorcycle parked on the A yellow school bus parked
* . = Sgside of the road:.‘,f'% —==smin a parking lot.

Somewnat rlated o the image | NMNUNENIERE

Figure 5. A selection of evaluation results, grouped by human rating.




AR LINUXPRZAES

/*
* If this error is set, we will need anything right after that BSD.
*/

static void action_new_function(struct s stat info *wb)

{

unsigned long flags;

int lel idx bit = e->edd, *sys & ~((unsigned long) *FIRST COMPAT);

buf[0] = OXFFFFFFFF & (bit << 4);

min(inc, slist->bytes);

printk (KERN WARNING "Memory allocated %02x/%02x, "
"original MLL instead\n"),
min(min(multi run - s->len, max) * num data in),
frame pos, sz + first seg);

div_u64 w(val, inb p);

spin unlock(&disk->queue lock);

mutex unlock(&s->sock->mutex);

mutex_unlock(&func->mutex);

return disassemble(info->pending bh);

static void num_serial_settings(struct tty struct *tty)
{
if (tty == tty)
disable single st p(dev);
pci disable spool(port);

W
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aEHE I, R — A,
Egrets stood, peeping fishes. Budding branches are full of romance.
F L B K A AR T A
Water was still, reflecting mountains. | Plum blossoms are invisible but adorable.

BRRAH, A EREIE,

The wind went down by nightfall, With the east wind comes Spring.
WA RL%E. R AT 2L AT

as the moon came up by the tower. Where on earth do I come from?
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loss

MNIST CNN+dropout MNIST CNN+dropout
0 —— SGD(minibatch=1 learning rate=0.01) —— SGD(minibatch=1 learningrate=0.05)
1074 —— SGD(minibatch=32 learning rate=0.5) 100 - —— SGD(minibatch=32 learningrate=0.5)
—— SGD(minibatch=2048 learning rate=0.5) —— SGD(minibatch=2048 learningrate=0.5)
-1 0
10 ] E 10—1 .
1072 - 10-2 4
0 1000 2000 3000 4000 5000 0 1 2 3 4 5 6 7 8
epochs iterations

(a) FEERRV/IMILE SBT3 R A2 1L (b) AN BHEAEEACRIHIRAR
WEBETHEY, BFREPMHEALETRAT RN w0
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Reference:
1. An overview of gradient descent optimization algorithms

\ S ,
y[”@'aﬂ] ? 2. Optimizing the Gradient Descent

Froey Cha®) BETH A0 = —ag
» 5 3] & SFR BT H & 58
> 5 5] BRI

AO; = —
4 Adagrad t m © gt\

» Adadelta
» RMSprop Adam

> 5 B
» Momentum
THE A “hBRBHTY ALK EH G

» Nesterov accelerated gradient

> b E B

A0y = pAb;_1 — agy Adam is better choice!
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http://ruder.io/optimizing-gradient-descent/index.html
https://medium.com/towards-data-science/types-of-optimization-algorithms-used-in-neural-networks-and-ways-to-optimize-gradient-95ae5d39529f
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» mini-batch X /]
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BFTEEZ S

p A 22 L&
» 3T B AL
» PAERE T iR

THIS IS WHERE YOU
LOST YOUR WALLET?

NO, I LOST IT IN THE PARK.
BUT THIS IS WHERE THE LIGHT IS.

~2

2D %

Zhang C, Bengio S, Hardt M, et al. Understanding deep learning requiyes rethinking generalization[J]. arXiv preprint

arXiv:1611.03530, 2016.
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IENHY, (regularization)

BT R AR F ARAL 89 T AR 2 B WAL

¥ AR 29 R FHARA T A2
LUL2%5 % 2KIEIG % ME R AT B ATtz ak
’ Minimize cost %ﬁ%? - U”é/i]:\

— Mk

HeFiIeF I

Miwli3 /

g inimi +
Minimize penalty Minimize cost + penalty
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Dropout

b 55 R 3] ) R
b JRJE W L& VAEAL FAE & ]
F 2509 S A A

> Ut A5 3] 69 A%
» ZBOA MM F, LS
A Aq(0)
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» B RelLU 4k Ay ik & vk %%

y o Fu R 3 SURAE A AR kR H

» SDG+mini-batch

» FR R EARAR E HTRAALHEE A

» BAETAAIE (AR —1L)

» ST I F (R

» A L1 S 12 ER4L (Bkid AT JLA)
» % E)T—AL

» dropout

» RAEFG 5%
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Q{RISEI?

L% (pooling)

» L@ T

22 (focus)
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é'/a\/'}ﬁﬁiéJQﬁ" il }\4\: 1S XN

a; = p(z =1X1:n,9)

Q1 E a2 E

— softmax (S(Xia CI)) I } :
: softmax ;

exp (S(Xz‘, Q)) [ I : b fo

_ : | : - ( s ]:
Z;.V:I exp (S(Xja CI)) q j : ij: Mo
A < xa

b s(x,,qQ) AIE BN AT HH K
by Ao FE A s(x;,q) = v' tanh(Wx,; + Uq),

s(xi,q) = X, q,
s(x;,q) = x; Wq,
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R
S y‘i & 77 Multi-Head Attention
> /Eﬁ‘f(/i 5 77 Hard Attention
£EM41E B /1 Structure Attention
> %b 41 W 2% Pointer Network
» &) VE B 77 Bi-Directional Attention
> é}\{ﬁﬂf /£ & 7] Key-Value Attention

» § 7= = 7 Self/Intra Attention
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» SRERITIT B LA FEEM € RIXK
» k 0L R B =, d £EATIT R A Ko
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Memory Network
RNN ¥ ¢4k,
» TR G
NTM
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U um 1o M %S

Predicted /
o » (ZD—’ W . || Answer }|:| a
A E) a - @
3 .
Weighted Sum _A_ u j - Predicted
— Answer
4 \ r -
Embedding C e |
—\/_' c; ]
|
] =
Sentences I pl} T ) — T TTTT |§_‘ | .}
{x;} Softmax A _ o b 1
/ A |
_ Sentences
C. m, g ||
Embedding & * -
Qn ner Product I
u
Embedding B |
Question I Question g [
@) a (b)
1

Sukhbaatar, S., Szlam, A., Weston, J., & Fergus, R. (2015). End-To-End Memory Networks, 1-
11. http://arxiv.org/abs/1503.08895
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» IRERITIT Read/Write
o Memor
2 'ﬁ; Head Yy

Output
b AR T A

Controller

Input

B R RIR:
http://cpmarkchang.logdown.com/posts/279710-neural-
network-neural-turing-machine

Graves, A., Wayne, G., & Danihelka, I. (2014). Neural Turing Machines. Arxiv, 1-26.
http://arxiv.org/abs/1410.5401
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TR afrar LR BRUIRES
1 N AT fEsidis  AhEici
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Bfes

» H B G R E R BN ER G, AR
ﬁ%m%%@,%ﬁfﬂ%£FM£%@o

» A Al @
» I AL 35

L %2 (encoder)

» #2725 %% (decoder)

> 3 N
> MU E A AR
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MR R

» B AT (H 25 H)
> A )
» Fure B (23) (73)
Q@ @ @ e

» BT (a) FTIR: DBt (b) KFIE: DRAIKBEHL:

» LRI E T, BT —H X ENFRE
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T AR g 45

it FK MALE FX = Xy, -+, X fo— A @ IR
G, &Ky TR EXMPTH LG EETEL

> do X 89 B BN 5 T VA IR Ay AN AL Z X,
B9 Ry SR AR R 89 E R X, AR AR GX)M R T —
AN et By W 24
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FERS/RAI KL

» AR E AL G R G R R, RANT AT S L
T IE AR AT AL, M B REAL 0 5 3

» VA D et B W 45 45

plxy,xa, 23, 24) = plax)plaz|ry)plas|r)p(zs]ze, 23),

P RANE R FH R E RN, IHFRFEZI+2+2+4=9
D =&
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d
p(y|x) < p(y) H p(xily)

» Sigmoidfz & M %

> SigmoidfZ &M BM LT LT | o o o ..
HMEEF, BAEH {01}, .\i/’ S
O

(a) Sigmoid {5 & M5 (b) Logistic [A]IF]

plrg = lag, ) = o(we + Z w;T;),

LMy
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= % exp() | —E(X.))
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= WAYTCH EREY

b K R AR AL T

b A Ty B 6 — 2 SUA O
Pe(xc|0:) = exp (QZfC(XC)) ‘

b TEAHE T p(x) B9 5F 5B XA ©

log p(x|0) = ZQch X.) — log Z(0) (a) BAHEHRL
ceC

» ALER A T KO A A
» A RA ALY

s y— A L s
A p(y | ) \\ //

p(y1x.0) = g exp (001 x.v0))

ceC
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© SEQUENCE GENERAL
Naive Bayes HMMs GRAPHS Generative directed models
CONDITIDNAL CONDITIDNAL CONDITIONAL
= =7
O@b SEQUENCE g g GENERAL O"EO

Logistic Regression Linear-chain CRFs GRAPHS General CRFs
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HEKT (inference)

> eI
> 35 LN BB K Felt, HHRLE R Zz00 XA F5Kq &
Jz e %p(qle)o

» ARIE M et Ao XA

~ pla,e)
_ 2.,ra.e2)
>qzP(a.e.z)

» EAEA 6 HEWT AT WL A R E AT = T E AR
FE 2 - 18] #R
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R 09 HEWT 7 kT A 4 ) kA AR e UT AL SRR
» ¥ ¥ (Exact Inference)
Z 4535 (Belief Propagation, BP) F-ik
OALFR Ay &5 % (Message Passing) 7%
» L AERT (Approximate Inference)
I ¥8A4% 4535 (Loopy Belief Propagation, LBP)
= 7+ (Variational Method)

K AE % (Sampling Method)
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285>

£ Mot IR 5k, A B8 TR A A T A
8 AU T B, 69 By 35 A1 60 2 T X

> LA A A AR (s, [x,00) 89 2246, T
0 X ZEAN IR K ZA

log p(x,0) = Zlﬂgp Tg|rr, , O
k=1
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> 12k KA H % ‘*//9
» Expectation-Maximum, EME /&

log p(x|f) = Zq ) log p(x|6) .

— Zq (logp x,z|0) — log p(z|x, 9))

= Zq(z) log p(x Z|9 Zq(z log |E;)9))

:ELBO(q,x\e)JrDKL( (z)[|p(z]x,0)),
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q(z) = p(z|x, 0;)
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B A (Gaussian Mixture Model, GMM) =2
5/1\%‘?5 o Am LA B9 AR A, A B R A S A
B E ) B A AL A

T|hg, O exp | —
Nialn,o0) = 7o exp (=
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I/R7Z2%], (Boltzmann machine)

b IR 2 ZAUA — AN FFER AT R
R EALA </
» HAEALE B R A '
WEE S SR ‘

1< t
» PX) AR EZ 0 e
I~ A A 17 A2
1 _E(x) 1. #rp(hlv)
_HX:x%:Ewp( - ) 2. B FIW

SR, A2k A E R 5 IR R 163



I RZL S HIHERT

b VAL RAE--Gibbs RAF

P(X, =1]x,) =0 (AE@'T(XV))

p B AR K

» LR AN A — NIV SR E TELT, RERFEIL, L3 A%
T — AN PLEAK G 0B T A 3] G

> gf,%%;mﬁﬁw s T — oorf, p— 05, FHEANATERSWERE o
5%, FE—H W EIRS AR A — A, %M&%Tugﬂﬁ%ﬁ

> %ﬁ%éﬁ«m FAEFAKT — 08F, 4w RAE, (x;) > 00llp, — 1, 4w RAE, (x;)
< 0p, — 0o,

KU T ik A M Ty

ERGME, BB KF AP 22 4555 R 5] 164



IIRGENZSEHFS

» I KA ARAE I

1 ~(n
LLOW) = N Zlogp(v( )

» XA A B _EF ik

N
1
Wij < Wij + Q& (N Z Ep(hw(n))[xixj] - IE:;o(zﬂc) [xzxj])
n=1

o, 12X5 A% 455 R 4 3] 16



BS'ZfT@ZZME’J% 'SZ F>]

Wij — Wi; + & ((TiTj)aata — (TiT;j)model)
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SPRIT/RZZEH], (Restricted Boltzmann
Machines, RBM)

» LRI R Z ZAA— AN B &R e B AR
BEZREREZIP, T2 TRAARLE, 53 AR E
Fo T E (RMANE) o
T EEZTHEAL A0
Fo il B 0 A i AP 2 W K09 LEA AR R o

J

p(o; = 1jh) = 0 ( + 3w, nj) ,

Fﬂh=1hﬁ=ﬂpﬁ+§:wmm}a

BRGME, BB XRF ISy e ) 167
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RE(=2MLE (Deep Belief Network,

» RESESMEARENA @ ERERY, LREMY Z
J& 0 B Ko
Fo o PG AY 2 W 4 2E A AR B o
RGP EA— N BE, TAREBA— N RILR %

Z Mo
p(h?, h?)
¢(h2[h!) p(h'[h?)
S E AR
g(h'|v) p(v|h!)

p(h@h+D)y = & (b(z+1) n W(z+1)h(z+1))
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_\_/\ \Jl

i}l /\;*1 1EIILI\ |:| l_l -l‘

i i )=
a a m]
BB-RBM DBN
ez 3] 0 (REEUZ 3| |FEEUE 3
| ‘- |
w{ Cowr|ws mﬁ
BB-RBM ., | Y |
Feilz 21 ---- > AR o RRUE 2] [REE 2
PFQI oWy | 14}]
GB-RBM . . | v |
SR 1 ---- > WRE o REUE 1 [BBUZ
W, I ooy oW I
Il ZRbe A ! Y :
———————— > AR | Az | AR
o A A 2 25 PR T TR 22 0 25

BRGME . B8 K AW % 5 IR E ST 170



- Al iREY

i
LY

ERGME, BB K AP & W 45K S ) 171



R R T B A ) AP 2 L4 R IR ST
p(x|20).
» SFALAE R AW 4 (Generative Adversarial Network, GAN)
[Goodfellow et al., 2014]

» T4 B %A% (Variational Autoencoder, VAE) [Kingma
and Welling, 2013, Rezende et al., 2014],
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AR FE — R R TR
R%T LI S5 B B B A
AR IExE TAR T A A

FH AT
ARAYE TR R = 0 5 5 p(20)
BAT RAF, B A ARz <
ARYE FAE 57 p(x | 2;0) AT R /
B, T3,
N

D
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b 2o — A Rx, X AR Rlog p(x | 0) 7T A5
i#

log p(x|0) = Zq(z) log p(x. z|9 Zq log IX 0)

= ELBO(q,x|9)+DKL( ( )|Ip(z]x, )),

| |

M step E step
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L9 BmiSEs(VAE)

» T4 B AL 35 0B R L5 A RT VA
o R R ‘ \
FREBRH e 0w T | AP 22 W 4k A
Az | x50 ); S
O3 el s {04 A gk A AL
2 89 5p(z | x;0) O —» 7 v
JE Bnq(z| x4, ) B LT, \
153 4569 A (x| 2:0) o
N

ERENG, B2 KF AP 2R 45 IRE T ) 176



——————————

BRGNS, BB KEF AP E W &5 IR EF ) 177



I%%SX Ezwq(z|x,q§) [logp(X|Z, 9)} — Dk (Q(Z|X: d))| |p(Z|9))
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by ATz |, O) R T B

» B 54 (reparameterization) 5% 52 L8 13 R AL
= LI EF & — T T

‘ R 179
ERGmE, A B KT b 22 45 2 5]



ZoBmesmlgdgE

(=l — nel?)
T

Mg

T
] [ ERF% fo(2,0))

[DKL (N(“EJ;‘

N

| HEWTIZ fr(x, 0)) e ~ N(0,T)
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NANRNRNANASCCC T T TITITIINNININY
NANRNRNNSCC T T TTITII9I9IY
NANNNNSCCT T T TITIITITIIDIINIIY
NNNANNRNTTCTTTITITIODIOIIIY
ANNNRNRTTTTTTEIOIDIVVVIY
AANNRNR™ITITTT F L O0VVVVIY
S AR R™IRI™ITIT T esNINII Y

AXRXIR_IR_IR™ITTdA s I I Y

ARAX™IR_R_P_PTFdAdAdAddgygygy gy

S LHLLHBDBPPrdddAdAaYYY

bhhbLbbbbrddadadagNY Y

DHLLLLLVLVNANNNNNYNYIYIVNY
~=wHvYHHLuLWnEmeamyYEQYQYIQYPY
e R R R T T T T IS IS N ENY
NNN YR wWLaMMMMNHNHNOHOAOQUQ
NANNNGEBWWAMMNNNNHOOOO
NANANNYGEGRWPEONONNNODOOO
NANNYEYRYEWREOEOONONINDODOO
NANNNYNNYRYOROEO NN NDDOO
NANANNRNWRRREEOOONNNNDODOO

/
7

i

D

=
E==)

7210
>

10N

g

7 BmiSar=F S ERY

210N
>

N
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eI SERY e
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EIZERENREERE

>§izf%§E%§%ﬁE

» B MM E B A KA R Hpx|0), FFiBiT & KR
Ik SRR S
» BB RAE. REFZEIMEL

b I X AR A

» R TFHAE B RIES 0GB E
,%i&ﬁpﬁ%\ﬁmm®%ﬁ$

y TLiE R m KA ARAE 4

7~ N(0,T) ——{ERIN% G(z.0)|—
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=S AN ANTIEL

RIS AR ) — AR &G — AN F) R R 242 R,
o R LN A2 Z ] (latent space) P FAALRAE
VEAMN, EMBEREZREZEGINGETHEL
SR Ao

b )R R LG i N g B ST R SR A R -8 i
3B 89 A A AR W 2569 i KR SEAE R P AT R
P &

ERGNE, BB KF AP 5 IR BT 3] 184



MinMax Game

b AR, P 24 T AR R B ) B R 2

» F| B PR LEK 2 R R 44 R B R R G AL SR R AT
Ae X 4 1 ok

BERNCE-S IR NI N SR i &S R Pl d
F) R R & Tk P B A R R &0 R R R A,

My, B8 KT AP 2R 45 IRE T ) 185
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MinMax Game

min max (Eprdata(x) {log D(x, qb)} + Eznpz) {log(l - D(G(Z, 0), 4’5))})

6 P

x ~ D
\

(KB D(x, ) )+ 1/0

.--""*

2z ~ N(0,1) %[EE‘ZWJ% Gz, 9)]

BN, A2 K AP 22 P 45 5 R B 5] 186



MNEARRIERY: DCGANS

> FIR R LA —AMMERIRESBRME, 12480 T Ky
BAREIT RAERNE, TARKILE (pooling) A,
b 2R R A — AN TR 0T IR BB W 44k 2 IS R AR A
2k A R 64 X 63 KB B

Stride 2 16

CONV 2

SR, T2 KT G-I SR &) 187

Fk



SR, T2 KT

BOK 13.1: AR TN 48 1 I Rt R

N WAL D, PGSR T, I 2% I ZRs AR
WK, DEEFEAREE M

1 FEALHIGRIL 0, ¢;
2 fort <+ 1toT do

/7 WA AP % D(x, ¢)
3 for k+ 1 to K do

/! RENHEN G AL
4 MRS D R M AFEA {x(M™} 1 <m < M;
5 M N (0,T) F R M AFEAR {2}, 1 <m < M;
6 I REALERE E A o, BREEA
a% [% Z (log D(x'"™), ¢) + log (1 — D(G(z(m),Q),rﬁ)))};

7 end

/] kA R % G(z,0)
8 | MMM N(0,I) HRE M AFEAR {20}, 1 <m < M;
o | [EHIFENLEE EF-SEHr0, BEAN

(5?9 [;{ Z D(G(z(m),ﬁ),qb)};
10 end

Hth: R G (2, 0)
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0 @

min max (Exwpdam(X) {log D(x, gb)] + Ezp(z) [log(l — D (G(z, 0), Qb))})

Optimal .
Discriminator D™ (x)

/ > T
Disjoint Vanishing
Distributions Gradient

RGN, B2 KF G R &SRR 190



TRAIHE

q" = argmin, Dkr(p||q) q" = argmin, Dkr(q||p)
— p(z) O — p()
- 4@ e e

Probability Density
Probability Density

BRARME, A B K AP 2R &SRS ) 191
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Earth Mover’'s Distance

EMD(P,, Py) i - inf  Ezg)mn
(PrPo)= _inf > le-ylr(ey) = inf  Eaye,

|z — y|
"GH(P Pg z,y

€T
Real data > A(x,y) = Pr(x)
Y
2 Y(z1, y2)
Generated data /2 (z, ,

BN, A B kF AR E IR ESS] 192



Kantorovich-Rubinstein duality

This formulais highly intractable

EMD(P,, Py) inf T — % inf E. yo~llT—1
arh] = 00 s IZII ylly(z,y) = i Bawmllz -l

Kantorovich-Rubinstein Duality

EMD(P,,P)) = sup E,up f(z) — Esup, f(2).
| fllL<a

1-Lipschitz Constraint

ERME, B KT AWML 5IR S 193



Wasserstein GAN

min max E,_ p [fu(z)] —E.~p,[fuw(ge(2))]
0 we[-kk]!
"

k-Lipschitz Constraint

/ O real data

e i)

1 g ] Critic fulz)
| Network | 7" .
Generator Jw %r’fu,(go(z))
® | Network |— B — __— n,\o
prior 9o generated danoid
2~ Py(z) data function

SRAGME, H B Kk G-I SR &) 194



A

1.0 , , : : , , '
\ — Density of real

08} — Density of fake |
| —— GAN Discriminator

——  WGAN Critic
0.6 + |

-0.2} ina WGAN Vanishing gradients 1
in regular GAN

_0.4 . J ] | | i ;
_________ -8 -6 -4 -2 0 2 4 6 8

oM, LERE w2 4555 L 3] Lo




WGAN

batch normalization

constant number ofdilters at every layer




NERFS
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RILFS

p SRAL T 3] )RR ARG IR A — N ARAR N G BR B89
I R AR ARAFZ B AR (e AT & K E )
18)

» IRALF 3] BER A AR R AR SRS AT R A, FARIE
25 Ih-iff) B R wk R 5 KAL R KR8 BT R b o9 B AR

(e
—-[ Bt ]—

i
]

R s, i W e ZE a,

W
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B 741 AME a;

p(5t+1|5t;ﬂt: Ty Smﬂn) = p(5t+l|—5'taﬂ't);

‘ & 199
R, REKF b 22 45 2 5]



» L RV Rk R EARE) — AT (trajectory)

T = So,0Q0p,S51,71,Q1," " yST—1,Q7—-1,S8ST,T"T

@Ll

p _p S0, Ag, 51,041, °

'J
T-1
= p(s0) H m(ae|se)p(sit1]se, ar).
t=0
e, L=k wemssELEs 200



» E5 T kEn(als), HAGARAIRIT— R X A IR H
T i3] 69 R AR é%fﬁﬁ@@aﬂi (return)

T—1

. t

= E Y Ti+1
t=0

»y € [0, 34w F, LBy TOR, FRAZLATENE
R mByEETIN, KRPARRETFEERZ,
» LB P A — RS ANAFERAG LIRS (terminal state)
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RIS B FREREN

b AL 3] 89 B AR 3] B — AN R Bmg(a| s) R R KAL
B2 B3R (expected return)

T—1
J(0) = Erpo(r) G(7)] = ETWPH(’?’)[Z W't’rt+l]

t=I()

» O A FE R 0 B

BRGME, BB XRF ISy e ) 202



NERHFS

y IR FRNF I RN BT IR EF I e —R
, B AL S 3] ko L E A Fe A B AR, BAIRES )
R RRA AT R
» IR R 028 &AL F I iR EF I 0T N, 9N ARE

AP B R IR BT ] P AE AR R, RERIRE
B AE 3 F ik R AR B AR R 2
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AEBREHFI TR LZIERIRER

(3 k2 >] |
(e 2 | e
AN
Elv T ANE 13 €333 EEs )
(REINFORCE) (I Fr 2253257 ) @

‘ SARSA \
[actor—critic ﬁ?‘ﬁ) Q 23]

ERGME, BB KF AP 22 4555 R 5] 204




s oL

0N (1) BATHERS, ERFEAR: s,a,7, 8, d
SARSA (2) fliitmElk: Q(s,a) « Q(s,a) +a(r+vQ(s’,a’) —Q(S,a))
(3) HEHHNE: 7(s) = arg max, | 4 Q(s,a)

(1) PATHEE, ERFEAR: s,a,7, 8
Q%] (2) fhitklk: Q(s,a) + Q(s,a) + a(r + v max, Q(s',a’) — Q(s, a))
(3) BFHME: 7(s) = argmax,¢| 4 Q(s,a)

(1 ﬁh”ﬁ:%ﬁlﬂga /_:EEK’HSZF T = 8p,0a0,51,0a1,* "
T—1
REINFORCE (2) fhimlf: G(r) = 3 rea
t=0

3) WA 0 0+ D1 (5 log mo(acls)r'Glrer))

(1) PATHRE, ERFEAR: s,a,8,r
Actor-Critic  (2) fliitEl: G(s) = r + Vi (s')
6 ¢+ B(GCls) ~ Vol®)) 5 Vls)
(3) BEHTAMS: X« 4\

00+ a)\(G(s) - V¢(s)> 2 Jog ma(als)

SR, 42Kk GEACE SR &) 205

4



IREE(F &M%

HE BRI R 2%

255 H e
------------- [ it

]
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HETF IR

» B 3848 K 5 CS224d: Deep Learning for Natural Language
Processing
» http://cs224d.stanford.edu/
» Richard Socher = &3 f B K& 5 &L FLAN 3 89 SFP iR 52 5] A2 A
» B73948 K 52 CS231n: Convolutional Neural Networks for Visual
Recognition
» http://cs231n.stanford.edu/
» Fei-Fei Li Andrej Karpathy £ 23 CNN. RNNZE B 15 A4R 32, 69 5 )
» Aot K518 52,8 94 CS 294: Deep Reinforcement Learning
» http://rail.eecs.berkeley.edu/deeptlcourse/

SR, A2k A E R 5 IR R 207



HEF R

P RAFE LB F T KB MEF T
» https://www.csie.ntu.edu.tw/~htlin/mooc/
» FEB ARBEREF T
» http://speech.ee.ntu.edu.tw/~tlkagk/slide/Tutorial_ HYILee_D
eep.pptx
» 5= % %% {Generative Adversarial Network (GAN)»

» http:/ /speech.ee.ntu.edu.tw/~tlkagk/slide/Tutorial_HYLee_G
AN.pptx
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W

https://nndl.github.io/
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