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E|E| ni RiB= 7,lEnJ:FJ

¢8...— 0.075
zthoutput_zg\I #)

= l context

(3| £5...—2F)=0.000065

ooe . softmax
AY .« o e
2 (o000 ( X )
(2) 1ML r—
4 Vs
matrix C whose row i is the feature vector C(i) for word i. The function g may be implemented by a most| computation here
feed-forward or recurrent neural network or another parametrized function, with parameters w. The
overall parameter setis 0 = (C, ).
Training is achieved by looking for 0 that maximizes the training corpus penalized log-likelihood ‘|
1 tanh !
== Elng(Wt;Wt—la o Went130) +R(6),

oo o .. ®0 )

L
1 '
where R(0) is a regularization term. For example, in our experiments, R is a welght decay penalty II
’
/
’
’,

[0.8480, -0.4750, -0.1357, 0. 4134] [ 0. 4832 -1.4191, 0.6283, 0.0977]

(,(w,_n+ ~ C(w, 2)  C(wi—1) [0.0887, -0.0405, -0.1081, -0.2165]
=\ +/ = (00 ---0) ... (00 ..o (00 -0
BOMIIFIEQE - i
. . able . ~., Matrix
(distributed feature vectors) iook-up | eeeeeeseseeseeeeefn Sarresiessos '
i C shared parameters
mn across words
index for w;_, 1 index for w;_, index for w;_;
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e S=(5,5450)..._

Perception

— sensory'area
: a=0y,€"& e
Action T

- motor regions
l In these virtual worlds, each cyborg mini-brain

actsasif itis the paddle that hits the ball,

— Pred!ct!on RIS s . o Emg a=0,67¢ &
—» Predictions SERSSTRsRiaRass Action

100 5 MHLMBEEAREIGE "Bl gk, & 7 8Bk
Kagan B J, Kitchen A C, Tran N T, et al. In vitro neurons learn and exhibit sentience
when embodied in a simulated game-world[J]. Neuron, 2022, 110(23): 3952-3969. 8.
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ZITTE R EESAEEY . BRADN), (Perceptron)

0.7

l ‘ 1 |

]

0.6 sum bias | /‘i’m [

| J
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Perceptron Start
X2 . or _ 1. weigh 2.sum up 3. activat

Artificial
Neuron
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%R0V, (Perceptron)

X1

Inputs  Weights

)

Summation
and Bias

1,if 2wx+b20

m
(wixi)+bias __) f(x)= _)
z] [o, if z wx+b<0

Activation

Output
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u ZISUQIHE_/|\ﬁ?§%§

O B[N DRBER

® FIul: DXEREELIS
> x0 REEBEX? (
> x5 PREEEZE? (
> X3 IBEEXRA? (
> x, REREEHR? (

® RTZI: 4AX1HVAE

x =[xy, X X3 x]t

3
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http://neuralnetworksanddeeplearning.com/index.html
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REKON, (Perceptron)

u Z|§1)1IHE_/|\ﬁ;§§§

N QR S
W i - {1,if2wx+b20_) N . wllpn : 1/0

(wixi)+bias __) flx)= o, i3 wirb<0 { 9 i - N el — ]

= Lt & R I: ITHZE, &

:/*V/ | Z | y=1/0

Summation
Inputs  Weights and Bias Activation Output

y=1/0
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%R0V, (Perceptron)

\ 1 RRITE:
X1 W2 T ‘ _ N1 Q ff
> ;(wixm»blas _— f(x)={0: g wx;(o—),i'\?l;, ]- 1:|:1E g?*REE
x'/w/' > x: RERAEX?
g )3 N > v EREEER?
Inputs  Weights St;r:dm;;ison Activation Output > X3. 'I:EKIEE %ﬁﬁ'?

‘ ‘ > x,. REBREHER?

w y=1/0

® RN 4X1EI’9%E E

w = [wywywsw,]
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KN, (Perceptron)

. Z|§1)1IHE_/|\ﬁ;§%§

S 0 R
. = o 1,if Y wx+b>0 - O 18T
s Z(Wixi)+blas — f(x)={' 2 | 9 | 2 %g%,ﬂi *ngj

0 ifz wx+b<0

. . > x: FESBER? 1 X w,=0.1"
Z | > x: PARREBZT? 0 X w,=0.1 2—08

Summation

Inputs  Weights and Bias Activation Output > X3: ],EKIEE '%Fﬁ'? 0 X W3—O 2

X

i ) 2 '] > x,: BESEEEHE? 1 X w,=0.7_

=1/0 R
’ o RTWR: JEFEIRA
goannm o ox=

/l \
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1 x,

)QIHE_/l\ﬁgggg

-l
X1
W1
X W
1 \ m Lifzwx.',bzo | :
(wixi)+bias — ) f(x)= ) A
y i=1 0,if ) Wx+b<0 e
X1
W4,
8 Z Step|XR%L
Summation
Inputs  Weights and Bias Activation Output

¥y ¥ ¥ 3

w-x>th?  y=100
§So=-1h

BEEE «x . ip500

5
4

)
)
X

® RiKINERHE=0.6: ZE!

4RI F=E:
o3 — IR (BUS)

> x 1 RE2BEX? 1 xw=0.1"
> %0 AREBEEBZRE? 0 X wy=0.1 ’Z _ 08
> X3 IBNEETA? 0 X wy;=0.2

> x,: BEBEESEER? 1| X w,=0.7 _

i—\

if (w-x=0.6)

f(x):{ if (w-x < 0.6)

e
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%R0V, (Perceptron)

e

X1

Wi
X *} & : |f2wx+b20 )

y ;(wlxl)i»blas __) (x)= |fz wx+b<0_) y

X1 -

w —
] > iR

Summation
Inputs  Weights and Bias Activation Output
w w-x>th? y=1/0

X1
" P Sb=-th

X3

- JE

w-x+b>07?
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1=,
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Ue—10/1933538

wx+b>07?71:0
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bias: E¥)BZLTH RS IR

RN TTRIE N T AB T ISR EEAL?

ZXE—TIFEENENMEZEE. HNATMNEHLTNRAIERRE—T “HFR/IIEN
ﬁ*” [+]

KN TZ RIS E—MER B (Threshold Potential) , &AFE 2R T LIEENE
T EESHITIZ SN,

1. BBIE“IRT” FiIt (ESHIE)

KA SRR FEERHNOERR ., MREZRTIHERIHEEHREEE RN, KRMSEA
KB “RIY R, TTERDHTAREENRERMAN, TARERRE.

o PRI MHMATEKIINHBRH RIS EBENBEERS, XMRNSHEIEERM.,

o RHEEM: REUMRRBE, EHEMMBERS (& —70mV) EATERS (&
-55mV) B, WETTRRE: RE—MEBREOES! 7
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Ve & Frank Rosenblatt, 1957 N8RRI BIE R
THE PERCEPTRON: A PROBABILISTIC MODEL FOR ol S b y.

INFORMATION STORAGE AND ORGANIZATION
IN THE BRAIN'!

F. ROSENBLATT

e e PR

Sre * 0 BB

7 X o : ¢’ c B [
\7 & / v e .
I

BEEFENEE

Frank RosenblattF1928F7B1MTHHEAEFEEALYIMNF T HI/R, AR FESamuel
AN . ‘ Rosenblatt2—®&2If, 8 EHelen Rosenblatt2—&FKEE1,
1444944 . Rosenblatthy B4 & AR R S B L HRENBIITE, XS BHIEH.

R S0 0 eassaons

SRR ¢ e mMBEBEFrank Rosenblatt#E20HBSOFERERZIN, B 2EMER
i %, SERBADBMEZ—. ZERERAE. LERNGLRAR, TIZEw

N e RETNSAL 2 RS TRE,
"B MR A RBLERINSE" AW EEEZE  Frank RosenblattEATEEE (A) HRSANFUMTAENATBERANRE
BWH) 400/ASLEREEIIMEE  EEEE1000 FETRANEN, HEAT SRENS, RE—MAREEHAS, NINEES
NIRRT ORISR B g HEBETEM, REGREAE, FNAY, BEHTEMIPIESKOATE
'jﬁ"fj@&f?_‘fgn{ejﬁ,gﬁim EER R #snAREESBEUEETBENSEERIABES, Rosenblatdh |-



https://www.ling.upenn.edu/courses/cogs501/Rosenblatt1958.pdf
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E— KR KR g=ywE 7
____________ . A AR a
_______ . DARPAF SCIER ___%ﬂ_%_ﬁg_‘f_ﬁ_, f_[_____________
POSESSE BPRUE ) YT |+ Hi—fRAL R RAL
TSR (N ee— L e Rl

. Perceptron AlphaGo,I

- e - e o e e e e e o e o o) ———————————————-‘ —— e - - - - -

5

1960 1970 1980 1990 2000 2010 2020

EfRRARIMEBR (DARPA) FE20BL60FNNATEERARMBRH SETMRE
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y(zl, 22) = f(wl *x 21 + w2 x 22 — b)

EE@% Wi ws b gﬁﬁE
= ) 1*1+1*%1-1.5>0
= (X{AX 1 1.5

o 1*0+1*%1-1.5<0
= ( ) 1*0+1*%1-0.5>0
ay (xVx 1 0.5

s 1*0+1*%0-0.5<0

-1*0+0*1/0+0.5>0
E (~x;) -1 -0.5

-1*1+0%*1/0+0.5<0
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y(zl, 22)
BIEE

= X1 | X2 11:
1 1 10:
) 0 01:
8a% (XOR) 00:

0 1

0 0

i@ P
6D YN THRRY
e <4 University of Chinese Academy of Sciences

FFEK|0) R

— f(wl 21 + W2+ 22 — b) 19695, Minsky

witws-b <0 2> b>w,+w,
w,+0-6>0 > b=Zw,
O+wy-6>0 > b=<w,y
0+0-5<0 2> b>0

Fla, TokE!
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' Perceptron

HaE:
ALy, 19274E8 H9H
B

e, 20164F124H
BE:

1960 1980

19691970

N

MinskyFIPapertt (/&4787) —F 1P T Frank Rosenblatt 3 FRUNE FH T, 3

2 R Y
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REFH R

IR

£HE -1969

Bk A\ T RE TR Wi He S R R T RO
O Q Q O

AR ERE ACME R 7 ;MY
2EHE HEE Esl LZEs]

Marvin Minsky R REETZRNFZHREZAEHZZLEHE, URBSIESITHNREIERE. MR
REEPANFNES, MERE, BapiEL, FSHY, FIREATEENEERR, 8FF. MRRT. B
REE, TENARMNSARNSENIE, tENERNEMERAREE T EEZRTR.

Minskyth AL, tEIZTALMNIEREBHITFRAMARNNEST, AEESFEEEMNRSHIIET
Ef¥R. SORERRERBPEXEEBZERIRG, MBSESHE, ERBAZREGTREFR LTI, BEEY
METIRFIRG T RFE LML,

HERBAZAREE, thS5ARHMEFRAndrew GleasonF1&E B HILNEZ K George Milleri#{T T HEl, Minsky#E
1 aiNEFLAGleasonB T TIRZIMENR, XEFIRE LML T HANERE, HER T HREFERAZIZERRR

EARR

MBS T —AF IR, XL T thWRRHRE, HNTHANEEERIRE
eyFlJohn von Neumann2ttiEXERA M A .

AN TAHZ M S EI R Fm .

BAEEAIESRE EFENFL,

BABFMER

ABRRE 7 20tHAC70F ARIMIERREREA R, WIEM TFRRRY TATERESR. .

https://amturing.acm.org/award winners/minsky 7440781.cfm
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XORERFEFE SAIE—REX?

XOREH (58] https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf

RABH—LTERIFEI g, (EERER, BTFRPMATHETIAII—LINEE, MXORBIEIN
BE, EIEAMMKHALOMRS, BLRZKRE. N=BRRARNARET 7 NE I EINEE,
RosenblattZEftf9 B IERR, BB SRTRMEBNIRERATE (BE7T) N— L 2T T ERA
s RRE A DK EE, (FEEE., 1Y) MinskyflPapertffF T EAREIIERHEATEZHA\KENS
MR EEENS M TEERRE/)\EBNBAGES, XESROBMBLEEN EGEEE
HEREEEGPHGERER (SERERIEE) .

BN EERSEIEFZ7F, RE— P HEZTEM EREETEVENSIEIEE, (EECENMEMN
(FZ5IA\ T R BT T BT AR A R E, K- EEEHHHIA RS B 8 AEIX—&, 1]

EZRHTUNEARMMINERMZTIRERY (F=1) , EBHRHAIENPPIRE, E1961FM—
REEIOTHRE (E152Y) , BEE (BA8) —BPEER. P2MinskyfEthH (18 BRALR
Yizz) —PNBIER, & ZEREAHZTTREIZEE RAEICITEA.
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https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf
https://rodsmith.nz/wp-content/uploads/Minsky-and-Papert-Perceptrons.pdf

2 ER%K018S (Multilayer Perceptron | MLP)

Input layer Hidden layer Output layer
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Layer O

Input Layer

F—=: BAE

Layer 1

b

)

Hidden Layer

PEE: REE

AP % TR B E

L ZERAIN

Layer 2

Output Layer

Re—F: BnE

“ R
6 Yo7 RR/z
g University of Chinese Academy of Sciences

K2s (Multilayer Perceptron , MLP)

2T BUEZBMREEML (LHWEHK)

> ZTMETIN—"F (layer)

> HETRIBERARE—, Bk
XL BN R EHETT

> ESAZERNRIZIGEMAER, B
MLP##RA “"BIRAPRMLE (Feed-
Forward Neural Network)”

> TEYRE: ESMRIAELEZREIT
8, RERMNRE—ERFANEER
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ITIUTEIE (Universal approximation theorem)

s
1

'L-

[

Approximation by superpositions of a sigmoidal function
G Cybenko - Mathematics of control, signals and systems,|1989 - Springer

... Theorem 2, we can find a summation of the form of G ... approximation theory and statistics. |
Some recent progress concerned with the relationship between a function being approximated ...

Y RE 99 3IA W3Rk [23089] HXXE FiE 19 MHRA

BRI EIREHEMBHIERIE
FiiE—1]) 2it,. BIERAS—TEBESE

o oumell | BBSBERMEMZTREEN
AR/ R BB

MLP, SERLUHERE, T
SLLA cEnESR TSRS

P LY
YA EANIEEA
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X1

X1 W2 m
\ 1,if wa+b20
(wixi)+bias __) f(x)= _)
3 z o ifz wx+b<0 b

g 2 T

Summation
Inputs  Weights and Bias Activation Output
w w-x>—b?

¢
wexth>0?
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yREMIRNFR: MO/1F(0,1)

1.0

0.8

0.6 -

0.4 -

0.2 -

0.0

d Ww, b{’E?;"{ﬂl/J\"rED

), AT

step function

R4S -%tjl..f'

0. wx+b=z

0.8 -
1, if (z=0)
Y= 0, if (z<0) 0.6 -
o Wy os
0.4 -
02-
I T 0.0
4 3 2 - 0 1 2 3 4
Z

1.0 -

ByRNRE)NIES (FERRA]

sigmoid function

10: wx+b=z
1
1 +e?

y :O'(Z) =
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EA S DS RREY

E,(\l

4 tanh (EHEDRE) d ReLLU (grE&imeT)
N o
f(x) = tanh(x) = —2— -1 o(z) =

l+e 2
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d Softmax

1.0+

Output Softmax
layer activation function
.3
2.1 ezi
10

2.2 | w—

K 'y
1.1
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Probabilities

0.02
0.90
w1 0.05
0.01
0.02
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Ny SESKNZERE: WK (BIRNE)

0 A 9=f(x) FTE
L =ly; — ¥l
1 ZER 1 Q8B HEAR
0 FIEIIRE L= Zm 7l 0 BN
(MAE)

L=- ) y;-log(y;)
- 1
2 mmEE 1= 2.
(MSE) i=1
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FBE R (gradient descent)

8: WOHRRFHER?
rolr .

al: 3 L L@ R?
Z:. BN OE




FBE R (gradient descent)

UEBR: 1ICRBNEREAL

+
Al — oL A oL A — (6L 6L>T (Aw, Ab) 2
“ow VT T \ow'an) W \
T _
16(%%) =VL, A6 = (Aw,Ab) L L
WAL = VLAB %

HA0 = —nVL (n > 0) “WE=T5¥][= ;
WAL = -n(VL7, <0 : e
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FBE R (gradient descent)

UEBR: 1ICRBNEREAL

+
Al — oL A oL A — (6L 6L>T (Aw, Ab) 2
“ow VT T \ow'an) W \
T _
16(%%) =VL, A6 = (Aw,Ab) L L
WAL = VLAB %

HA0 = —nVL (n > 0) “WE=T5¥][= ;
WAL = -n(VL7, <0 : e
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Case 1 AR f(x) - y —- g(x) i — h(}p)
0=:0"@ -

A-Y—)A'}’—)AZ dx d}’ dx

Case 2

z=f(s) ‘ ng(s) y=h(s) z=k(x,y)

dz 0z dx 3 Oz dy
ds Oxds Oyds
~ ﬂ -~ \ Ay / d
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f}EﬂW$é§Mé§ (Recurrent Neural Network, RNN)
d 8552107, BRAMEINFEUE

BNFERE (Time Series Data) EIZEVEINFICR. RIRSVIBERN BTN —EBBFIHIEES, WASKES

ARESEHFH PElE> PINENBSINZ—AEY

-
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'f}é ﬂﬁﬂ%él@é% (Recurrent Neural Network, RNN)

d Bi-Gram Language Model

28 5 A
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'f}é ﬂﬁﬂ%él@é% (Recurrent Neural Network, RNN)

d Tr1-Gram Language Model
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'f}é ﬂﬁﬂ%él@é% (Recurrent Neural Network, RNN)

ARNN: BYZI89ia B EUARF 251 M2 2 BUIBYIRAS
A ZBIBVRS HE)” EfREE D
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'f}é ﬂﬁﬂ%él@é% (Recurrent Neural Network, RNN)

ARNN: (BYZIBVAIEHEUR-

2 BIBYIRTS BN ERR

LI
\J]

Bl

- AR BIBPIRTS
=

Vi

=

Sl
tn
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'f}é iﬁi?qaééMé% (Recurrent Neural Network, RNN)

A B552107, BRAMEINFEUE

IR

. h{ = O'(V\/hhh 1 t+w

why

x S =-g)
W pepenE Wy

HBERE— 1B,

SiAptE .
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EMI‘E% e

APBVESES

&by, )

ST EERb

EM2i, SEELUSEIKERKHERR

(Recurrent Neural Network, RNN)

HIK/ I@IE

EEX%, REMDTAEESS

i

dht  Ohy dhi—1 N Ohy
dd  Ohi—1 db 00
:3ht n Oht Oh¢_1

00 Ohi—1 00

Oht Ohi—1 Oht—2
Ohi—1 Ohy—o 00

ow Oht Oht—1 . Ohg Oh1

\ J

|
zO/oo
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'IK%EL ﬂla,"‘z,lmz%@ong Short-Term Memory, LSTM)

O [RI2: 1BI0CIZZBIE" SREBARNNEVEL SRR/ @NE

LSTMEFTTARIESR x, M h,;, BH/EIZ—MIH(EF—NHRRESCH &8
RENHZASEREREKERSBFIASHEX

%%% eelils
D090 ARINGS90S:

LSTM
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'IK%EL E'La"\z,mz%@ong Short-Term Memory, LSTM)

ICIZ4RR T LIS BIEZEMERKEICIZ, BRELEHERS

C

e

a=1[1,2,3], b=1[4, 5, 6]
a® b=[1x4, 2x5, 3x06]

LSTM J@i3i&11 )" SaLIMicIzistiE
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-IK%EL Hla"‘zmz%(Long Short-Term Memory, LSTM)

* Bl ] (Forget Gate) : REMARNREP BT BILER

C.,=[1,2,3], f=[0.4,0.5, 0.6]

C.,0Of=1[04,1.0,1.8]

It ft =0 (Wf'[ht_l,xt] —+ bf) -~ (O,].)h
hi—q \
h4ERN(0, )LM=, AT ZREREM
z fRINSREEZ D

fan: EFENT—MER, @RISR S T EESERINIEME" B T ), BZF
ZFTRICIERT, LS EICIBRYARE

50



“ .
68 YT RRT
o4 University of Chinese Academy of Sciences

'IK%E E'La"‘z,mz%@ong Short-Term Memory, LSTM)

* ] (Input Gate) : REMLEFER "BF/BN" BRI
Sigmoid: A4EHY(0,1)3CEmE, AT R

ELHEEEEFh
_ it:aﬁ[ht—la Qi't] -+ bz) c (O, 1)h 1 ‘ .............. —
. [t(ljg-> Cy = tanh(We-[hi—1, 2] + bo)e (—1,1)" - o
mtf Tanh: A2ERY(-1,1)EEEE, BAFERL | —-
FAYRE(E
N _ c, _ \
— > [k Eee T —EE, W
ftT itr-%t Ct — ft ©) Ot_l + ’it ©) ét RE%ET_H:—E

fian. SEBFHCEN, FRFFRNEFEFADRIRE .
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'&%E,Hﬂ ial“z,lmz%@ong Short-Term Memory, LSTM)

* BWAI] (Input Gate) : REMEFER "BI/BEAN" BRRTS

m

iy = o (Wi-[hi—1,2) + b;) €(0,1)"

hi—1 g ét = tanh(WC-[ht_l,zct] + bc)E (fl, 1)h
" TEEE JAL I (BRIEE) BN IEER0 (R
EEER) |, MITENEIBRE (B12) EhertiasiE
g o < 2, FHERTMPRTES (KRIEESKIR)

ftT itr-%t Ciy=froCi_1+1:0 ét

fian. SEBFHCEN, FRFFRNEFEFADRIRE
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'IK% ﬂla"‘z,lmég(Long Short-Term Memory, LSTM)

« BIH] (Output Gate)
[AiLL(S R 2 BRIBATS

D BETARNSHERA, RERIE

ot =0 (Wy [hi—1,x¢] + bo)

ht = 0 O tanh (Ct)
|

7 I MRS IMPRENRTS

Bl IREAEIBRSRIOMBISEASATAN, e T —ME

ht—1
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EX8, REMOTFAEEEEE
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'IK%E E'La"‘z,mz%@ong Short-Term Memory, LSTM)

. BEREAT

f =0 (Wyszt +Uphi—1 + by) Oh af:_tl

=0 (W;xt + Uiht—1 + b;)

=0 (Woxt + Usht—1 + bo) — f e Oft Y Ot i dct
¢t = tanh(Wezt + Ucht—1 —|— Oct—1 Oct—1 Oct—1

<<1 <<]
ftOCt 1+ 14t 0 Ct- /

Ct—1 =(fe (1 — f¢)fot—1 (1 —tanh® ct—1) ct—1 Uy
<1 <1 <1 <0.45
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'&%E,Hﬂ ia"\zmz%@ong Short-Term Memory, LSTM)

* SRR

ft =0 (Wsxy +Usht—1 + by) Oh aic_tl

it =0 (Wixs +Uihs—1 + b;)

Ot = U(Womt + Uoht—1 ‘|‘bo) _ f o Of L O 0k
Ct = ta'nh(I/Vc xt +Ucht—1 + t OCH<<16 6
ct = ftoci—1+itoct-=>"

ht = ot o tanh(ct) ETVIIEAR -

. FROZHERN (f=1) H—EE
. RS (f=0) RN
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'L'/(%E,Hﬂ iB"‘Z) m z%(Long Short-Term Memory)

ﬁﬁﬂiﬂ‘m [ 448 ] Mp 38FHEE v

B e WIE  KMEERE v iR wiE EEHE IR v

HEBN, BHNENES

FEHAIE1Z (35iE: Short-term memory, th¥iJ0primary memorys&active memory) ZiC|ZH—FZEE, B ATELRNPIL
DEEFERFREREIRS, FEENEARTNER, BHICICHRFERNE (B8R ERENFRT) U¥TE, BEES—20%),
5KHERICIZAELE, fEHAIC 23 E BT )R EE, ERMENSENRAR. < TEHICICHNBE, —/l\'?%"'?%"glﬁiﬂ’giﬁ$

T&.

Corsi RNz, : https:/www.labvanced.com/player.html?1d=74622

ﬁﬁ;ﬁ iﬂ‘l‘ [448]

KECIZ ReEBRIFILREILVENICIZ, ES TEICIZURIEERICIZAR, EZERR
BIRRTVNE, 9% ERiH, SHICIZEMREENERMRY, S8 FNERE
RINEE (reverberatory circuit) , TETINER. AT RKERICIZ,
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GRU (Gate Recurrent Unit)

i R
68 YT RRT
o 4 University of Chinese Academy of Sciences

BHChRLSTM

GRU 3 LSTM BRI JENEHT ] (update gate)

ZtZO'(WZ’

Tt — O (Wr,a ¢
iLt = tanh (W - [ry x hy_1, x¢))

_ht—17 Lt

_ht—17 Lt

)
)

ht:(l—zt)*ht_l—kzt*;zt

SEEYLSTM /b, (BEAItEe51A2 5 LSTM fH2A9INEE
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me-fEfDey (Seq2Seq)

=

Irih
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ADEI

A B, BUis. w/b, h/x/y

A HBE . RAERE. argmin, ,L
QO RNN, LSTM. BEEKX/IEE

1 Encoder-Decoder
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