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— B4 (Pooling)
« R#F, MHMEANEE:
— 2x2% O B 15
- 22EOBHKE

Pt PRRT #5687

g University of Chinese Academy of Sciences




4.2 BRI ML

_eNet: S2: 7 feature maps

C1: 4 feature maps
P % B R

S1: 4 feature maps

Input layer ¢

convolution layer (CL) | I CL I SL MLP

sub-sampling Layer (SL)

R YO T Ry $59T1

iversity of Chinese Academy of Sciences




4.2 EFAHEZ 4%

« MILRIIZR

~ REAREMERBEE!
- BE—AHE X, EEMAARZTBRNLES, %
Zt R ;

— BRI SEPR E o SHEHNMAVIEERL t BVE;
— IR IMURE R EE R A AT NFERE ;
 ATBURBUNOREALE, SEE TG

¢ IE‘E\%EEJ

— HFMEME R F—pooling #E, BAX—SFEE
ST INEBPE A M —LL &k, 1F 1A ?

CHAR Y 6077

Rz’  University of Chinese Academy of Sciences




4.2 EFAHEZ 4%

+ B
— EEPHEREY
— NP FHITSHES]
— BN EERREREFERINAFFHE
- it (B &Pooling)
- PR REIRGEE, BRIUE
— e EHERRRZE, &M E S Z 3R B H K RVFFHE
- EESFEBATMN
- R
— FFIEFRENE| 57 KB R

,' 1 ,v' \ Z =5
MO .U 61T
al'm.\m Uﬁiversily of Chinese Academy of Sciences



4.2 EFAHEZ 4%

- LB (B%)

~ FizhAREFERERENSHEERAAEGER— ﬂ
“BR7S M (stationarity)” BB, Lmﬁ KREE—E
G Xim A AN ERB U REE S — T XigE+EiE A .

—%%@ﬁ%\ﬂﬁﬁ;(&%ﬂﬁﬁﬂ>uﬁﬁﬁﬁﬁ
B FREX =G BIEESRERRE T EMHIEZERN
. RE. AT,
~ CNNHSRRZ A ETZELSWEBHF IHE, BAF
ﬁﬂ%%a@%%&:h&%%%é@mﬁﬁ¢,¥ﬁ
2| — Lk S AN AOHHE ; BRMBTE A BRAR B
B, BE855 SIBIBAMMS — L EOAHE. X L R AHE RS
AR R/ LEFMAEFEERMER, AMATIR
A RERVERES -
Gotansaxs 627




or M mm mm mm e o e e e e e e e e e e mm e e e e ey

+ REBSTRHEMEZLRE

oo Tm mm mm mm mm mm Em mm Em Em Em Em Em mm Em Em Em mm Em o Em mm Em mm Em mm Em mm Em Em

[ LeNet}

X 28 45 44 g 2% R
05 evis [ } RYIE hn
exNe

AlexNet
U 2 @
 MIN | | VGGNet
I I

GoogLeNet ResNet
(Inception) )

\ 7/

[ InceptlonJ

ResNet

—————————————————————————————————

;' Fai PRy

University of Chinese Academy of Sciences

—— - - —

o o e e o e e e M e e e M e e e M M e e e e
— o e e o e e M M e R M e R M M e e M M e e ey,

Revolution of Depth
152 layers
A
\\Y > 117
\ZZIayers 19Iayers
' 67 7.3 I
; l__ I 8 layers 8Iy ers shallow
ILSVRC'IS  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet
ImageNet Classification top-5 error (%)
LAV PAN S-S )
ILSVRCE1% 732K 55 38 45

——————————————————————————————

— o o e e o e e M M e e M M e e e e e



4.3 £ETRHE ML



4.3 MM

« Image segmentation is very challenging task in computer vision.

Segment image into different regions such that each region has
the same semantic meaning.

YaNTRXT 65T

University of Chinese Academy of Scie




4.3 EEFRME ML

- AR FICNNME & S5 Z|

— J. Long, E. Shelhamer and T. Darrell, Fully Convolutional
networks for Semantic Segmentation, CVPR, 2015

forward /inference

backward /learning

00 00 21
%7 ,b%& ,5%& ,lﬁ)@ SNEANAN

* mfftrz?@w? 66T

rsity of Chinese Academy of Sciel



4.3 EEFRME ML

- W NEFRIRENBEEREEREE
O @ @)
O @ @)

g

256 O @ @)
O @ @)
O @ @)

4096 2048 1000

 (ORL U2 Y SE67TT

g University of Chinese Academy of Sciences



4.3 =ETRHEMLE
- I MNEFRIZENAEERESEE

NIl

N
© 0 O

) @)
) @)
) @)

4096 2048 1000
A096 M UEN 2%, FF— M IEF e K/NN: 256x6x6
 (CRL 2 E Yy 56811

g University of Chinese Academy of Sciences




4.3 =ETRHEMLE
. A AR R IR L T,

1x1  4096x1x1

L‘IIIJ

@)
256x6x6 @)
@)
6x6
—————————> s s
256 o
@)
256x6x6 o
4096 2048 1000

2048 1N e oy, BE—MIRIRESHI R/ A 4096x1x1
e ey EHA

g®”  University of Chinese Academy of Sciences




4.3 =ETRHEMLE
- N NEFRIRENAEIERESEFIEZEER

Ix1 4096x1x1 1x1 2048x1x1 _

] ]
256x6x6 ] \ [
[] N
o6x6

256 - -

L]
256x6x6 . 4096><1><1(

4096 2048 1000
1000y 28, BF—DIEIR 23 HIR/NA: 2048x1x1
 (CRL 2 E Yy 5701

g University of Chinese Academy of Sciences




4.3 EERHE ML

L
T %.,. .

256

Mk

: Eﬁﬁﬂtj IEé—m S

Hal
"R
S

PN TRKT 717

g University of Chinese Academy of Sciences




Fully Convolutional networks for Semantic Segmentation:
CVPR, 2015, Long et al..

image pooll pool2 pool3 pool4 pool5
convl conv2 conv3 conv4 convs conv6-7
pooll: M FTIRE, 2 & TR+ i
pool2: FEXITIRE, 4 & T X+
pool3: X TIRE, 8 & TRt 32x upsampled

poold: HHXTTIRE, 16f& TR4E
pool5: FHXTTIRE, 32F TR+

BE, BTRHEREHER, BTN MHE v

B RHRAE, EE5EERZRANER, o |

FEHIE R T 8 (g s 1) B AR . pixel-wise loss fuction
Il 48 FR AIFCN-32s

o g fepe
R w120
et Uﬁiversily of Chinese Academy of Sciences




Fully Convolutional networks for Semantic Segmentation:
CVPR, 2015, Long et al..

image pooll pool2 pool3 pool4 pool5
convl conv2 conv3 conv4 convs conv6-7
2X conv’/
\
16x upsampled ot
- - +

\
pixel-wise loss function

It 48 FR 9 FCN-16s
@ ranrexs 737

rsity of Chinese Academy of Scie




Fully Convolutional networks for Semantic Segmentation:
CVPR, 2015, Long et al..

image pooll pool2 pool3 pool5
convl conv2 conv3 ‘ conv4 convs conve-7
2X conv’/
\ \
f@ n 2 upsample i’@ N
i t
(=) (=)
8x upsampled . : :
pSamp - = pixel-wise loss function
. Itk R & iR A9 FCN-8s
& renrwxsy B 745

rsity of Chinese Academy of Scie




Fully Convolutional networks for Semantic Segmentation:
CVPR, 2015, Long et al..

RAEKRE:

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x ups:’unpled
prediction ( N-325) prediction predlct' _N-16s) prediction predicti 8s)

\ ,

\ -

\

image pooll pool2 pool3 poold poolb poold ‘\—‘_ pool3 *T‘ .
prediction 4 prediction

A 4

/

7

\

FE XEBIET=ANTERHMZ: FCN-32s, FCN-16s, FCn-8s

& ranewxy B757

rsity of Chinese Academy of Scie




Fully Convolutional networks for Semantic Segmentation:

CVPR, 2015, Long et al..

image convl pooll conv2 pool2 conv3 pool3 conv4 poold convh pool5  conv6-7

EE?EEE%EEE%E
2x conv’7

poold

dx conv’7

EE%EEE%EEE%E

EE%EEE%EEE%E

2\p00]4| | |

pool%| | |

H’lﬁ

PRIE A R AR

32x upsampled
prediction (FCN-32s)

TR
ﬁﬁﬁ
ﬁﬁﬁ

16x upsampled
prediction (FCN-16s)

R

FFEEEE

H

EEE%EEE

%EEE

ﬁ

%EEE

8x upsampled
prediction (FCN-8s)

ﬁ

%EEE%

EE%EEE

%EEE%

B ALAE (BIMNE—REN, FEED EREF2E)

DY eTRRT

sity of Chin cademy of Sciel
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Fully Convolutional networks for Semantic Segmentation:
CVPR, 2015, Long et al..

FCN-32s FCN-16s FCN-8s Ground Truth

@ ronvwxsy FBTTR

y of Chinese Academy of Sciel
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4.4 RETRHEZEMLE
C NERSEIAE: B2 —IEER

— Deconvolutional NN : Hyeonwoo Noh, Seunghoon Hong,
Bohyung Han. Learning Deconvolution Network for Semantic
Segmentation, ICCV, 2015.

4 224x224 224x224

48/ 555 Convolution network
¥
y X
//// ;
)7 x
"'j |( ’ [ = ¥y
Max
M
. g’é in oolin
oolin
ing . -
- = »
0

..................................

axl_
ox poo mg_'_._
Ml pooling ...----

£ : o
Y R Y 51952
s University of Chinese Academy of Sciences



4.4 R BT P&
- EXR¥FHRZ—: Deconvolution

ut
.
an
un®
.‘-
-------
am®
wn®
e
-.'

"y
.....
L]
"
ol ]
]
»
l...
]
»
"y
»

Convolution Deconvolution

I RHE, ReBREGHNEREEARNERL—E

‘ \f’(@ﬂ‘f? 4@&/’? 80T

zm®”  University of Chinese Academy of Sciences



4.4 R BT P&
- ER¥FRZz—: Deconvolution

T RHE, REBREGHNEREERNERL—&
@ronsans




ER#FAXZ=: Unpooling

EXERRBEANERNMLE

224x224 224x224

Wxll?2  convolution hetwork Deconvolution network 1i2xi]

56x56 56%56

28x28 28x28
/] 14x14 « . 14x14

IEREXRENVLE

switch switch
variables variables
input \
pooled i
- map i input __
B unpooled
ap

Pooling Unpooling A

mBRERRKE IZHFRIEES TRIEMAEE, Bk
RIS B AL E .

&5 YaemRs S589T

rsity of Chinese Academy of Sciel



4.4 RETFRE ML

» Training
— fiIn )\ Batch Normalization: standard Gaussian distribution:

ERTEEEROWm DL : XA K aYfeature
mappingfEEIEFM—F EMH TR, RBRER.

~EFEARLERY, HEEFASHEST “BEEm
SigmoidiEl 3% & M2 9 Re LU E R

- RRENRERMEERSEMA: CRF
- CRFERZSHEEFTIRE;
~-ME: ~BT, XKIET;

—INFE: IRAFMERIME TR K ;
~IE: NEBIBEZ T .

p.. ) N P — Vavay
MO .U 5883
e)"m.\« Uﬁiversily of Chinese Academy of Sciences



4.4 RETFRE ML

- MALEBEZNR REFRG?
* Unpooling#iR{ENET ! RERBAET
- LR, A1IBO &Y ERAFERRIERE A K unpooling$
A, A I HdeconvolutiondzA
- EXREERSS: RAWNZMRE, HARIKEFEINEH

HIFMER (PE2EMERER)




4.5 GoogleNet




4.5 GooglLeNet

 Christian Szegedy, Weli Liu, Yangging Jia, Pierre Sermanet, et
al.. Going Deeper with Convolutions, CVPR 2015

— 5 Network in Netwok Z&{il, GoogLeNetFH FMEHEE
HAENEE, B0 FME%EA— 1 Inception =R
— Inception module B &P/ -
» ShortcutiF iz : FRI—EMABELX 15
s ZREERE: MIABEIX1ER2EDHEERESE
2K\ A3F5RYEFH
- i FEYRZERES X 3 poolingF11 X 145FR

p.. ) N P — Vavay
MO .U 5E86T1
Rz’ Uﬁiversily of Chinese Academy of Sciences




GooglLeNet

[concatenation Iayer]

Inception module

e P N\ N
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions t f f
‘\1x1 convolutions  1x1 convolutions  3x3 convolutions
N N bul et Y,
N
\\\ “\
“““““ SR revious la eD
.network In-network Cp y | ' Parallel in different

|(L|n Chen, Yan, 2013) i | size of filters i
(REdUCt'O”) l  (scale robustness) |



4.5 GooglLeNet

» Inception module i Z—
- B WMEEeH, FRKEES
o ijiﬁg%\%ﬂiﬁﬁﬂjﬁiéﬂw%lﬂ’mx3%@3\)?—:, EERIRE
IR TT
256 x 256 x 3x 3 =589824
- FRIZ A ERE — & & F 5 & J932mappings, Inception
RRAVIRIER B A -
256 x1x1x256 + 256x1x1x32 + 256x1x1x32 + 256x3x3x32

+ 32x3x3x256 4+ 32x5x5x256 + 32x1x1x 256
= 434176

Att, 1 X1EHNER 2 —= @I bR D % FH5H

p.. ) N P — Vavay
MO .U 588811
Rz’ Uﬁiversily of Chinese Academy of Sciences



4.5 GooglLeNet

» Inception module ft 52z =
- ZREZERIEHR
c ZRE: X AFIEEER 7 A EIXIFEX5EE
2 EFITIER, 'S TEhESFERNZHEME, 8T
L& XS A EREREE
« ZEX: fF&Hebbian[RIE, AIBEE1IX1ERERR
SEHEXMRARBEEREREGERHITHS, WE
& IBA IR LG

GoogLeNetHI 485 #1 J9AlexNetf1/12, 1LSVRC 2014
top-558 1R R FEE6.67%.

558911



4.6 ResNet




4.6 ResNet

- Kaiming He, Xiangyu Zhang, Shaoging Ren and Jian Sun.
Deep Residual Learning for Image Recognition. CVPR, 2016.

° Ejﬂ:ﬂ.:
- EARFLBEERENEHREE S S FIFRIMNE?
o BREIHKFNIRIE?
—BidReLUT L —EIZE LEHE,
- M4&IR1k, (degradation) : FEEMLERIINR, ERHE
BRI, AR HRERERL
- ElGE ENEIRERFEIEM, EtHIEZTH
B IR .
- SR EHEES N EIRA ML e, ] F) A ML
g 3 K

280 7 2
@ ratrrxs FI1H
m.\m Uﬁiversily of Chinese Academy of Sciences



4.6 ResNet

. ZhH.: Input Input
~ SLUGERAA, BN Hidd .
& i ayeawﬁbﬁ%- ] dden J | | Hidden
AERE, HL = ¥ [ Identity
Qé 75(:1 iﬂ’!ﬁi AR & By 1& i Output - | mapping
— Mt F B ARG, X i Identity
2% X B8 {3 BR 5 M 13 $0 - |_mapping
BF S ENE R, |
Output

= AN B ARSI R 4R IS B R AAT (8], AP 4Ry RE ) T
£ (BR, FHAZRMMRS, REBEMNNZE—HXESS
BE) . XBAMBFRBRGFME S HEIERYRAARST .

o 7 F02T1
R Yarsmxy 920
m.\m Uﬁiversily of Chinese Academy of Sciences




4.6 ResNet

o MIZZIZIT:
- My ANEdshortcutSimEEmM. HEA, F(X) AF%REMRS, %
4 AL 5 N FB 4 & TR

weight layer
‘F(xj lrem

weight layer

X y — F(X1{VV|}) +WSX
identity

& E] % A =21
MO .U 5893 M
%mw Uﬁiversily of Chinese Academy of Sciences



output
size; 224

output
size: 112

output
size: 56

output
size: 28

output
size: 14

output
size: 7

output
size: 1
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4.6 ResNet

» Jg{AfResnetA] LATR IR

S X

S HL> f(s) —»GEHL f(Xx)
Y X

W, W,

Z=Y+t, t=1(y)
y=X+U, U= f(x)
X=S+V, v="f(s)

fORTAEHEME, ]

et University of Chinese Academy of Sciences

f(y)

eg. E=[z-7,

LW XS 2 R Y 48 23

5B9501



4.6 ResNet
» A{AJResnetA] AR IR

€0
S X y
Gg é Gg loss
S fs) [y om f00 [y o ) —
W3 W2 Wl
ok :aE 0z _2(z—7) 0z — e, 0z _ e, oy N ot _ e, ot
oW, 0z oW, oW, oW, oW, oW, oW,
(v z=y+t)
oE
;’\EI:I’ a_ = 80
B YN TRRT z 96T

O\ 45 4
Rg®”  University of Chinese Academy of Sciences



&)
S Gg X C-g y Gi | loss
\
S f(s) - < f(x) |~ " fy) -+ . )
W3 W2 6t Wl
80@

o Ok oy OEoz oy
oW, oy oW, 0z oy oW,

_OE(a(y+t)) 6z ¢E 1+6tj oy _. (Hat] oy
ozl oy JoW, oz e

oy
oW,

:81

’ oy —
Ve . Vavay
R ey FEI7TT
f’u\ Uﬁiversity of Chinese Academy of Sciences




€ &)
S X y ‘
loss
< <
s J» f(s) Tegle f(x) Tcgilj f(y) T»@EZLEC]
W W W
° ou | ot
& — € —
OX ‘ oy

0E OE ox OE 0y oX
oW, Ox OW, dy Ox OW,

:8E(a(x+u)j OX _aE(a(x+u)j OX _OE(H@U) OX

oyl ox Jow, oyl ox Jow, oy oxJow,
( 8uj OX OX
=g, |1+ =g,
ox )W, AW,
- ok _ .
@ransxy AT TR meem




H1t 4 Resnetr] LUEBIRIR -

ot N €
€, =El+£lz—i € =& +& — € =2(Z—Z) 2
S X y ‘
loss
SSH'L» gsz' Gg 1 Gg 1
S f(s) v + ! f(Xx) T " f(y) n _
W, W, W,
2 o5 ‘ 1 ox ‘ 0 8y ‘
ou ot ot \ou
82=£l+81& = 80+805 +| &, + &, .
ot ou ot ou
=g, +8 —+& — 1&g ——
oy OX oy OX

Vo . ; e
RPNy TRRT 99
’/ U;liversity of Chinese Academy of Sciences




______________________________

V X u y Z
W3 W2 Wl
SR ou T
i e
e Ggg L ‘L ¢ loss
S 1) [y e )
i W, W, W,
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4./ RNN




4.7/ Recurrent NN

» BRI LK
EEmEE, RNSEZEARTER, EATLE
ERSBUES M, wbEl)a, oRFES.
» RIRFRZMZE
- PR ESTHE T UESRKREEECHE LB S
RHEZEME S, EFRINEWRI LMK, WAL
=EBE—EERR

- MIBEBE ERERGIA— SR, TEX
O EL AR (B2 (LB A A

- Hopfield (&

p.. ) N P — Vavay
MO .U 58103
e)"m.\« Uﬁiversily of Chinese Academy of Sciences



4.7/ Recurrent NN

e Recurrent NN (RNN)
- ZLER— P RIREZNHEMBEN. FHib, P
E'JESUE}J_IIJ,EE—AIoop HITREN . X Fh N 48 25 445
RE ST A IERT FHIE

- JLFZZ BLEYRNN
- Hopfield pM£% — ©iF#E

- Elman M%4%: BLEHWIANE. bm):fﬂ’iﬁtt'.)?:, ENE

AF?H?@)\FZ@@T—A&’& EiE, XMEER
EHR Arecurrent Eix, Bl[EIYVIAZERE.

— X f[o )EIJE?;‘HE Elman 2% B 540 F0 7~ 45 B

TR TR BE
- MABRIRMENE: REENHETAEGRIRE
2, BREEMATZEH N ERER o

‘$ | ?’(Mtv?”’




4.7/ Recurrent NN

E X #IRecurrent NNRYE AR5 #3 (E1BRNN)

- x: WIANES; o:WmL{ES

~-s: REELESRME

~ U: iﬁ*)\i[‘%fsﬁ' B IE RN E R E (input to hidden)
~V: BEEZNEEERNEIEM  (hidden to output)

~ W: B%QF' Z T2 [B)HY $hc$ﬂ E 4B P& (hidden to hidden)
A delay of
Oo one time step

Vi w7
[_//
S
U W: recurrent matrix
X

CR YO TRRT 210571
Rezi®”  University of Chinese Academy of Sciences



4.7/ Recurrent NN

o PLREST a, = b+Ws,_, +Ux,
s, = tanh(a,)
A0
0, = C+ V5,
Q
VI w p.= T(9)
@ —~ b, XHMKEE, WERK f()
S a] BN softmax, JLJEERIPPT
U b, c: {2 ) =
Py : J& T RPN ) &

LR BOThEE AT LARERE S : How the state s, at time t captures and
summarizes the information from the previous inputs Xy, X,, ..., X;.

10671




4.7/ Recurrent NN

o FZBTI8))INF R

'K
PUEFLE: U, V, W
A0; 1 yon 4041
O O O
A A A
V V V
W W W W
|:> —_— S —_— —_—
unfold St.1 St St+1
U U U
Xi1 X Xt+1
flow graph
£107m




- BEXETELE T

A0
@
A 01
Vi w
S(‘D — V
unfold
U U

hierarchical graph

10817




4.7/ Recurrent NN

- ZBTE)FEE R R

2
Ol(t) c(t) I 01(t+1) c(t+1)
\ F )
Q
W /! ‘V"' ‘? AN W
Q@ ¥y GO oG O
51(0) VAN s, (t+1)
U Uy ' Uy
LN\ o\
X1(t) X4(t) Xp(t+1)  xy(t+1)

1097



4./ Recurrent NN

o LIl 2k

0 a, = b+Ws,_, +Ux,

CA) S, = tanh(at) (hyperbolic tangent func.)
VI W~ o=c+Vs

> @ p, = softmax(o,) | (i)

U

~—+

The total loss for a given input/target sequence pair (X,y) would
then be just the sum of the losses over all the time steps:

L(xy) =2 LOGY) | %4402 L(xy)=— log p,

Vi > N e ]
YR Yy 1105
-aw‘ Uﬁiversily of Chinese Academy of Sciences



O I I
4.7 Recurrent NN S B LA

« softmax vs softmax loss /

soft max(0) =[o,(0), 5,(0),...,0.(0)]' = FEAXEFcRMMBE

o (0)=—2PO) 15 o Hn SHRAMHS.
2. 1.&xp(0)) 0=W"X+W,

s x XMy, yEL 1,2,...,c FRESRANBE
THR I KR 2 Z i K AL o(0) HIME (BISE y M &) .
KR, 17

1(x, y) =—log(o, (0)) = —log

Oy

ZS - } = log (Z(;:le‘)i )_oy

e J
j=1

\ y BRI (145 5 8 5 i



T B 3EAT 2200 ;

L(xy) = Y L(x, y) =~ log p, /\
t t I—t-l L, Lo
A A
ASNATA
10 Ot-1 T T O”lT
0 O
VARRYY Wv \NV \NV W
S — s, Ye Ys.
unfold 2t K St
U U U v
Xi.1 X4 Xis1
flow graph
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4.7/ Recurrent NN

» P4l 2R

—M%F’ﬁuﬁﬂéﬁﬂ’]%rﬂé
$Wﬁﬁ¢ﬂ% %*%
KUk EfEE (BP)
WSS E ., BDEE
IRERBHBPEE. 1

—ﬂﬁ Tﬂzi?‘ﬂ: WME V
Mﬁiﬂm%ﬂﬁwﬁ y
ERBUE NS

hierarchical graph
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4.8 LSTM




4.8 Long Short Term Memory
o SRS IR HE RIRAYK)

— RNN 3
- L1/L2 regularization on the recurrent weights

Smart initialization (no one knows..)

Self-loop, leak units with linear self-connections

Echo State Networks ( RNN with a sparse-connected hidden layer)

Mtk

Hessian-Free optimization
Gradient Clip

Not content-dependent

[ LSTMg e m s, AT XL SRR CER)IX
FhEBURRL, M4 B RIS A E22 )
(BT FIRAERBRRE). Just LSTM! /

Vg w N —
CYMOR RS #115T
Rz’  University of Chinese Academy of Sciences




4.8 LSTM

. 54
— R FURNNIUR &2 A AU R B R T “ S RTES 2l A
s+ E—HzINRIE MM NHHERER,

NFEREEE =0k

— LSTMMENEE S ERMmE T (BRE8ET) ®itH
FTiBEILSTMZmAfR T

— F—1LSTMZpe & & S5E % AYRNN 1A 48 (=] AY 5 N\ F0
iﬁfﬁtlj, BEZDMIINBE—NMEHIEERDIBN “IE5F

- NARAFEZ =887, BRTXMLSTMZEAEEIMIA .t
HITIRGZE I Z 5N, BFIe1Z BR&) TG

Vi > N e ]
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4.8 LSTM
-1

~ HEZR MRS R
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SR =AM EN NG

/BRI . B
B BRI T =T8T

—B=]: -
—HIAT]: 1

—3 ]

o

2 ] Xof 4 i P9 IR

AR EEE

WO
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2 £l XoF 4 A A\ Y
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A
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- HIAIT “input gate” HMFRARRMH— 1T EEZWH[IER
BN (B EESHRERIRTES)ESNEQD-),

 HERURT S BT S S AR — AR A A
in, =sigmod (b, i)+ Uy, (i, i)x ; + > W, (i, Dh

time t, node |

X, - SEHAMNE;

h., : SETRETENR, 4% RE-INZIR R,

b,  BATTHIREE M E;

Ui, © SIS AR E R RS

Wi, @ BT B EAE AR R

i, =[ing, ing, ing, ....]  (HRIEIEETARE

CR YO TRRT 11811
Rezi®”  University of Chinese Academy of Sciences
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=il ] “forget gate” RVER BIEE—MESHEMRTSHIN
(0 1)

— EEEUR T HRIANE SR —B IR S ERviE

i ﬁu

f, :sigmod(bf )+, Ul D)%+, Wi, j)ht—l,j)

time t, cell i

X, : HHRAME;

h,: JETREERE, E8FE4EANt-1NZ5EH;

b : BEITRRERE;

U; @ BRI AN ERERE;

Wfi B TR EE A E A RE

f, _[ft,l ,21 ft,g, ] (HEEIEETAERE)

CR YO TRRT #1191
Rezi®”  University of Chinese Academy of Sciences




- LTSM #pa/ =% IFhic|Z, HMASIEERERTHEA

FEAEFTEAZ B H [Hig1Z E@F‘Bﬁ%ﬁtﬂ
= f |

— ="

: t|:+ Ir]t,i t
L | T
C,. =tanh(b(i)+ZjU(i, D% +X Wi, j)ht_l,j)]
N 2N
h, : HETRSERE, E&FA4% Rt 2% H
:E%%%A§§§E%g@§5ﬁﬁ

U : EERBAEZRE AE s L= ~
 EHEE AR E R E R R, | A et
Ste1: =[Ste11, Ster o Ste1zs ---- 1 (HFIERILFFTHHILL)

Ce : =[Cits Cipr Cizy---- ] (Hm&Eidx A ixikidiz)

$£12077

S

|___J

t+1,1 t

-




« ] “output gate” AYYER 3T AT LIRE— 0~1
BRI E (MHEHEVARTREE)

— EEEUR T HRIANE SR —B IR S ERviE

0, =sigmod(bo(i)+zjuo(i, DX 5+ W, G, j)h_l,,-)
\

time t, cell |

xt . HErRA N E;
: BREENE, BEA%S RGN 2K ;
BT R AR
- T R B B R R

W D Fr TR EDEAE SRR,

0, : =[01,0 O3 ....] (HIFIEILFKITHABE)

PaWpTRRT BI21R

g®”  University of Chinese Academy of Sciences

P




4.8 LSTM

- M

- REESRNAHBHRENAMRES (LR IE
f2) ST ELERE:

h; =0, tanh(s)

=
EE
o
i
=
2
[
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4.8 LSTM

- EfEIER — — KA

BET. BAT Rl CellF=AERIFTEIZ:
/f =sigmod(b; +U X, + W;h,_, A s, =f ®s_,+1 &®cC
t t t t-1 t t

i, =sigmod (b, + U, x,+W,h,_,)

Cellf3ar -
o, =sigmod (b, + U x, + W,h, ) y { h —o, ®tanh(st) }
fRi%iCZ Bk - P 2% B A -
{ c, = tanh (b +Ux, + Wh_,) } {zt = softmax (Vh, +c)}

Vi > N e ]
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4.8 LSTM

- GEtafiid — —RAERERE N

BETS BT I CellF=4 F1#riciZ:
/ft =sigmod (b, +ufxt+wfht_1)\ [st =f ®s,_, +1i ®CJ

i, =sigmod (b, + U, x,+W,h,_,)

Cell )% H -
o, =sigmod (b, + U x, + W,h, ) y { h —o, ®tanh(st) }
fRi%iciZ GRoTmEsa) - P £ B B Y -
{ c, = tanh (b +Ux, + Wh_,) } {zt = softmax (Vh, +c)}

pe y Yooy
@ ratrrxs ®127R
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From RNN to LSTM:

gg ) QEJ / %5
P RNN AR B AR B B — [ =

( ;:‘f’(@ PE XK 5128M
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From RNN to LSTM:

) ®
| @g tanh
W W
T [
(@)
|

LSTM i) s B ALEEL &5 DA 32 LR J=
: MZAM%ZE () . pointwise operation = : concatenate
ERITeMTERXET  — . vector transfer oW 1295




From RNN to LSTM:

1 ®

Ny J >@

LSTM H i — 5 7 B o B g N\ H

L ‘r(ﬂ */? SQ_)& 55 IS
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3.3.8 From RNN to LSTM

LSTM ) 4 @

4 )
S —® T

e)
) e - ()

LSTM R8st 24l IRAS, /KPLAEE L R ZFiE17.
MRS R 15 4 . B B4t Disqr, A —
AL ERNAtR . 5 EAE LA RFEALSIRE S
(%) PRNWTRRT #1317

2T & e
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3.3.8 From RNN to LSTM

f, =sigmod (b, +U X, +W,h,_,)

,// n“\ .
R VA TR X
“\\ y ‘ v Q)
g®”  University of Chinese Academy of Sciences
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From RNN to LSTM:

()

0]
Dt L®

f, :sigmod(bf + U X, +tht—1) - ft ®St—1

(R TR TEX,
“\\ , ‘ v Q)
g®”  University of Chinese Academy of Sciences
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From RNN to LSTM:

i, =sigmod (b, + U, x, +W,h,_,)

(R TR TEX,
“\\ , ‘ v Q)
g®”  University of Chinese Academy of Sciences
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From RNN to LSTM:

s N
St.1 = ® @ ‘ »@
| i @! tanh

t
e [ T
o||o||tan o
ht-l - FI [ [ ) - ,@

¢, =tanh(b+Ux, + Wh,_,)
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From RNN to LSTM:

4 )
) NN - — ‘ -(s0)
| i g tanh
t
L N T
oll|lo|]|tan o
ht-l - FI [ I ) - ,@

|, ®C,
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From RNN to LSTM:

tanh

s, =, ®s,_, +1, ®c,

F1377




From RNN to LSTM:

()

tanh

Q
—t
QD
=]
>

o —&)
’1
~X—®

—a o
P

—®HEl-

I
D @

o, =sigmod (b, + U x, + W,h, ;)

0]
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From RNN to LSTM:

4 S )
()t .
)& T + (%)
f i 0 tanh
t t t
L f_'ﬁ()
ol |o||tan o
hes T T T 7 ’ ,@

o, =sigmod (b, + U x, + W,h, ;)

0]
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Thank All of Youl

(Questions?)
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smxiang@nlpr.ia.ac.cn

http://www.escience.cn/people/smxiang

B S5 4R 437 55 ST 1SR 4E (STDAL)

PR BB LSRR RViH A

£

RERSLWE



