(Recurrent neural network, RNN)
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o1 02 Output Layer

Hidden Layer
S=[sl,s2,53..5n]

51 52 = 5n

Iinput Layer
X=[x1,x2,x3..xm]

0 =g\V-8§,)
S=fU-X,+W-S, )
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a®” = b+ Wh"V + UL,

h'" = tanh(a'”).
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8£ ¥ & t t—1 C}Et
o0 = 222 (H diag(f(zf))UT) Fra

=1 k=1

—
 —

BAE Ly = || diag(f'(z:))U™||, WFE EHEARFHIFES BT, W
Ry>1, Ht—k—ooltf, 7% =5 00, SEMRGEAIEE, HHLFTEHEE
EIRIER)ER (Gradient Exploding Problem) ; fifz, WH~ <1, Ht—k = o

Ify AR — 0, 2 HE AR 2 H A5 #0 42 I 28 R L AR B SH R 8] @ ( Gradient
Vanishing Problem) -
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> 5 3k Btk he = he_y + Wa(x)

¢t = ct—1 + W(x¢)
h; = tanh(c;).
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| J33RNN (gated RNN)
v K5 8212 (long short—term memory, LSTM)
v 13 1ESE T (gated recurrent unit, GRU)

Understanding LSTM Networks:http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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LSTM J& Long Short Term Memory Networks Y485, %7 @ B 2K AVRIETIC
TC M2, MF i RUHNE B AR AR 2 i iZmyml @, HA X P aHC 2 e
K., fefF —EBE LR KEHMKEAIINE. LSTM 09M 25455972 1997 4 Hochreiter
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LSTM Networks

LSTM FMIZR M 25254 m BRI NES. 108 . MK 5.10 Raf LLEH LSTM =4
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LSTM Networks
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Step—by-Step
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Step-1: REZFELR

fo =0 (Wi [ht—1,2¢] + by)

— BRI EMNHIIRS T EFHAEFE R . XN REdEE— N
forget gate (I&1]) 5EK. ZI TS h (M x,, #iH—NE 0 3
1 Z P BUES B NI C, PRI,



Step—2: R AREHIFTE BYAEBAEH MRS+

it =0 (Wi-lhi—1,2¢] + b;)
Cy = tanh(We-[he—1, 2¢] + be)

1. sigmoid R REMT AFEFTEEH
2. tanhERIE— PN HFTEVRIR{E R EZC,
TR EAEFEAES




Step—3: BEHTHMIRNG

Ci—1
frT irr-%é Ct — ft * Ct—l + 3'1': k ét

1. E¥#H1C,_, AC,
2. [BIRZE ST 3k, EFERMNACEEZFANEER
3. i1 LixC,, FiEFTHEIRE
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hy = o x tanh (C})
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LSTMegs=#rsets

Gers&Schmidhuber (2000) $#HEHIM “FHALFL. (Peephole) ERE” .
JZ )53 %—‘é&ﬂ]tljlxxj_&%%ﬂ@ﬁlu\
ft = J(Wf-[Ct_l,ht_l,a:t} + b,f)
it = 0 (W;+|Ci—1,he—1,2¢] + b;)
- 0 =@ (Wu'[ctrht—1:$t] 0 ba)
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Cho, et al. (2014) I]{Eﬁﬁ}ﬂé—jn (Gated Recurrent Unit, GRU) .
@Mlgljﬂﬁ‘]\ﬂA)ﬂZT*/\EQ*E'JE%TI‘]o RN BR S T 2RSS
FESBCR S H A — s . A RIERILAREER] LSTMELRY B 5,
MEEFILSIMEARZ, @zs?i%%fw'\ﬂ/& AR GEE

&t = 0 (Wz ; :ht—ljxt:)
re =0 (Wr ' :ht—1:$t:)
Et — tanh (W . [Tt > ht—la :Et])

ht=(1—zt)*ht_1+zt*?zt




Operating on sequences of vectors

one to one

one to many many to one many to many many to many

(1.e.g. image classification).
(4. e.g. Machine Translation) .

(2. e.g. image captioning). (3.e.g. sentiment analysis).
(5.e.g. video classification)
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5.5.1 Many to one

a2 2 MU BB T AR H . S5 . AR ATY, BH R s, J
T B R RS B B AT L, B RBURSE. XFER SRR A
Many to one, ARZiXFPLEFREAE AT 41T 55 WR7

F—MMEF BRI, H—1iEE R FEIIEA MY, fH RIS, EEEHm
HFIWr X AR RS B TH A 2R R 38 MRS 2 CETRER, R E—F
B, F—nlim E AT AR, & R fE —1, AR ZE B RRRXAER R
H, BRnZErgnT LI ES 300 .

r

Many to one
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5.5.2 Many to Many ( shorter )

BT R AR AR TS, BRI e AR R . X AR
25 HE 1 2 7E B IR DB ], WA -BRiFENRAES RS XBRIFET K,
aLEERK 531,

| | | I I i I | S
ik k. i.arod

531 Many to Many
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5.5.3 SegZseq

AP RS IR EATE, AR — R BTN BT AT S R, %
— )PSO E I I, P AR RS IREE A Al gE s Lo e, WA ATHE= by ik,
BT LLGX i it H B EFEAE 1, T E I BF 2 noes Aok i e el 3, B i
WES.320775 .
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w | am fine <EQL>
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How are you <EOL>

LSTM Encoder LSTM Decoder
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5.54 CNN+RNN

RNN #1 CNN A GERE B A 75— 5 BRI %, ffimis 2, Wil 4R
G AR ZR I 28 SR BT R, 43 35 1 L I P I 288 A 728 il SO 43R

FHRHATE T, QE 53487

PR giA

meen A vector
| for whole

! image \

input
- image

| e AR

534 RNN 5 CNN #£E 5 Eg R TS



softmax

Sutskever et al. (2014) e Vinyals et al. (2014) Show and Tell: A Neural Image Caption Generator

Machine translation Image caption






BH#43ES (autoencoder ) J&fPZEMZE1—F, 2t I 255 g 22 R da A S i 2
i . B4mAEEE (autoencoder ) WHlA — M FE0)2 h, LU=/ 4885 (code ) i
B MG LVEVEH PRI — - H KE h = f(x) s i F—A~:
WA S g = g(h).

As close as possible

A ** NN » » NN
;f -~ Encoder Decoder
- I

&

=
[F -

‘ apo2 ‘

L(x,g(f(x)))
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8% ( Decoder ), ZmASan FARTFEDAR &R AT LURAT S AVEEAL, 0 & F 2 2R B AR A 4
ihan FAERD /Y - FA BRI 2T H*ﬁﬁ%*ﬁﬁ'l—"i“‘ﬁﬁ% (code ), % X @il 7 7h—
THEMA AMFEED — TI9MA RO — &0 NETE, ZAniEd IEB0xXm 1T
¥E ., Fi/MEE N2 8 2 5K 40X 7 W28 P i i oS RS 28 00 240 L ad#e

ez le, SR, MILEA—T9%Y (code), BT MMAREEN A N —1
FREAE A Za0EdE, Fe. 2l 2m B N —kEAZHIE A .

Randomly o » »

o
generate a vector %5 Decnde Image :
as code
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A0 B e gmEasVAE (Variational Auto—

encoder)

Auto-encoder

NN NN
input» Encode » » Decode ‘Gutput
r r

code
VAE
m
NN BN
iInput
é ’ Enc;:rde g1 ey o_!fz» DECﬂdE »DUtDUt
' '5‘2
c; = exp(o;) X e; + my
From a €1
€2
normal L -
distribution : ;
Auto-Encoding Variational Z(EEPLW = (L+0) + (m)°)

Bayes,



Generative Adversarial Nets (ZERTHLIMNZS)

2014 4, HE%> =B 327 — lan Goodfellow & 4 T A M LM & ( Generative

Adversarial Networks, GANs ) iX-—#4:&, KiIH

HRHIE G ERSY, 2R 2016 4, R/

M BT ERYRLHERAn T R L, ke B L ERZE A FE, Lecun XFEE A GANSs

“adversarial training is the coolest thing since sl

iced bread” - 2016 4 12 A NIPS K& |,

Goodfellow 1 I X T GANs iy L&k, 45 GANs il N I” H5&AT [ 3 O 2
—, E P AN BUSEEFEH TN HE—4 RO 2% .



Generative Adversarial Nets (EREXTHIMZE)

G: E£iles (BEFEZR)

)

&

Gz): £ttt (o)

D: #5IZs (0uR)

min max V (D, G) = Egnpyu(e) 108 D(2)] + Epp, (2) log(l — D(G(2)))].

G

D

Random vector
from the
latent space

|

—r[ Generator (decoder)

|
)

Generated
(decoded)
image

]
J

._-{ B

Mix of real

and fake images

» “Real,” “Fake”

Training
feedback
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