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TR RIZE(RNN)

O EEBALL, FONMETEPFIHERELIREMEMLE, BR7XEREEZ
b, RBESEBIRIIREZRILE,

O BIAHERZEE (Recurrent Neural Networks, RNN) {EH—fHBEiE{((E
RAfNEl, FEEFEEEEEEXRMIBANKE, tBiEtE—H R
iR (BN E) .

O RNNIRR T —HMERGREIREEFTIHE, EERENREEILLERAR
T HEER.
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TR RIZE(RNN)
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TR RIZE(RNN)

O LHiAIERN T RNNEBEFIRNIIE.
O #wEBMER (Encoding) : ESEJEZL t, RNN BT fyy RIESRIEAN x, S LIRS h_F5T
SHEAS by, NMETRERFFI LTI
O JCEEFRT- (Context Vector) : RZ[REVAS hy ILETEFRBNFIIRIER, SIEMEEEEAIGE L
TEIE N R
O RTHREBEFES, RNNEAJLLRITEER SR
O Bt (Decoder Initialization) : B4RESBEIRY hy ENEDRE, (EAVIGIENMAS, SEH
HENRES, IESREEK.
O ZFZHRE (Step-by-Step Generation) : fEfRBME, 8—CHELSREN—E (ESLIGE)
V1 A BRI STUN F—tad v, FEFIREIA.
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TEIAHRLERILE (RNN)BIRPR

O TlGaizEdh, BEEERNNPEREERRRERE, IEHRINE.

O MNRNE R RERAEER N
O BEERIIZRINEREERESZEIEE/
O XESEMEEELER (vanishing gradients problem)

O WNRNEIEFEHRIZERK
O BEALSZRINERGRRESTEIEEKX
O XEEFHEEIRIERSR (exploding gradients problem) .




IKIBHRICIZHEMLE (LSTM)

O Hochreiter #1 Schmidhuber {£ 1997 SFiEH 77— RNN BT, BFER
BEEKEE, EH<IEERICIZMEE (LSTM)

SNHHIER
BEEER |-
Ci1 -> \k®
\ e =]
FT-AZ G
— ——1 [0 ol [tanh]| [ O
R

BN /(g HEYER THEH ]

O (B LSTM HIEZESI AAH, MIE 2013 £ Hinton SHSIARRZE, m
Alex Graves LEIZE Hinton UiETRBHARA.

Hochreiter and Schmidhuber, 1997. Long short-term memory. https://www.bioinf.jku.at/publications/older/2604.pdf Gers,

Schmidhuber, and Cummins, 2000. Learning to Forget: Continual Prediction with LSTM. https://dl.acm.org/doi/10.1162/089976600300015015

Graves, Fernandez, Gomez, and Schmidhuber, 2006. Connectionist temporal classification: Labelling unsegmented sequence data with recurrent neural nets.
https://www.cs.toronto.edu/~graves/icml_2006.pdf
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RNNESLSTMRIELER

O LSTM{ERICIZHHIFEREER

i L -

fe= 0 (Wyrxe + Wyehe_q + by)
iy = 0 (Wyxe + Wpihe—q + by)
hy = tanh(W,x, + W hey + by) C, =0 (Wyex + Wycheq + b,)
Ce = fiOCq+iOC,
0 = 0 Wyoxe + Wyohe—1 + by)
Ct= f¢OC—
RNN LSTM



RNNESLSTMAIELER

Model Perplexity
Interpolated Kneser-Ney 5-gram (Chelba et al., 2013) 67.6
o e RNN-1024 + MaxEnt 9-gram (Chelba et al., 2013) 5E.S
FRAERNN R { Jrel e
RNN-2048 + BlackOut sampling (J1 et al., 2015) 68.3
Sparse Non-negative Matrix factorization (Shazeer et 52 9
al .. Z2005) ’
| LSTM-2048 (Jozefowicz et al., 2016) 43.7
I 2-layer LSTM-8192 (Jozefowicz et al., 2016) 30
LSTM =8 -
Ours small (LSTM-2048) 43.9
|| Ours large (2-layer LSTM-2048) 39.8 !

FEXE (Perplexity)
gt

https://engineering.fb.com/2016/10/25/ml-applications/building-an-efficient-neural-language-model-over-a-billion-words/
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TR NNEIRNEREE

O EABEESERNPE, MANTNRERSEAEE, MXEEEREP
DA REHIERARNEAUE (A mEREEE)

O MREFLERDEEIBPIAS, RNN RIERIREERER

O ATHAHEERSFER, EOILLIABN M EHABRRDER— I EENE,
ARVIRECNIMNERE. HP, TENEERSHERN R THEE
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O BiRIENITREIE

O AiREEE: a()B—NEFEIRIREL, h S
NigmE
e; = a(hy)
O HEFEINE:

exp(e;)
Z=1 exp(et)

O R EEEEN E TR

at:

T h]. h2 h3 e o o hT

CZZat'ht

t=1
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MaErEEEE?

O EFRESENPR,

e; = tanh(w - h;)

_ — 4 = exp(eq)
=i v
e, = tanh{w|- h,)
— softmax — ..
exp(er)
er = tanh{w|- hy) _ap =
L — ' (=1 exp(e;)
ARLES w HBLIBYRRRIESRE T ESRINE
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O EFRIREEDPR,
e; = tanh(w - h;)
O wEAFEIMNAE, ESGPEINAMREMANNESE
O ALES w HBERRRESRS FEENE, NmEdEFEEENIRRSH
BiFEItFIRE(IEE EaeRH
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LA AR SCRIZ S RIA aREmEESS 911

BN U Xy, .o (BEE T ERERIERYH)
fith: =51 y,, ...y (I bought the book that he read yesterday)

‘mDER: h, = fw (e he—q)

FRE&RE—MREE:

e lialRMEsS,
hq h, "hy — = hy > So
t t t t
e
% X 7 - B

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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XBERE— T REE:
ARSI =

€01 €02 €03 " €pr
T? T 4 T4 4 I
hq * hy "hy — > hr > So
t t f t
X1 X2 xT
A
% X T - B

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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THEXITF0E
e;;j = a(si-1, hy)

a ERIIRERIINLH

;Egﬂai}-é_ﬁ\ﬁ%\ﬁi /BT =
mgﬁgag*uyau%ﬁliso E:l:”/i,%'\jj*yi N
exp(el,])

B Z£=1 exp(e; k)

ai,j

Ao1 Qo2 Ao3 Aot
t t t t
Softmax

t t t t

€01 €02 €03 " €pr

T? T 4 T4 4 I
hq * hy "hy — > hr > So
t t f t

X1 X2 X3 v Xr

A
% X T - #

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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f f f f

Softmax XBsE— 1 RRE:
T EmEmsEEs,
;21 $0¢2 fof:s \ e.O?T

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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EFTNRENEZHTESE!
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Softmax
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Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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B2E. s, TR L TXREC,

V1 .
T 1%% C, ]’-I_%SZI Yo
hl > hz > h3 M h'T > So S1
bttt T
X1 X2 X3 X —> 1Yo
f t f f
® X 7 - B [START]

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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a1 aiz aq3 ar
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Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015



TR DRNTRGE

O 7£RNNH, &

O XFARNEIRIENF,

hliEFEER ETXI(E!

HRITRIEE T4

ei,j = tanh(w . (Si—l @ h]))
O ME w EIgGPEER

w FIEBRPHXTFESHIE!

o

(A

}Aﬁﬁ;ﬁ-wrl

=3



= S=wal: I E A

O filF RICEIZEIRIEF
O A “Fe3C 7 BREXIERIH”

O i “l bought the book
that he read yesterday”
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TRCZIRRIRT R 5

Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015
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O Bi¥=7 (Self-Attention)
O FAEES (Q) . # (K) . H (V) it&EEIE, sHRAREENE
0 TTEEHMEIRUEZEIHEET
O ZANFRFEREFTEFHITEISTHER
O SRXE#RY, LHLBSEERHIRE
O gyia¥=7] (Feedforward Network)
0 XEBEENIEEETE, SMIEMIE
0 ¥UABXiEEEUENEERE
0 FERTEEFIEE, RAEHZR
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O RNN/BiRiEFEIRIRER
YELUBIE KRR SIEVEER
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O BiESOBMM=
BEHITE: TEFIINF, 5eF5IETE
KiEkER: EREREEMERXKE

HSNERL: REHARTEENRERHEXR ETX

O BiEEOER
BH—if): —XEIRNRERE—MEL, FESLHITHHE
RERTAE: AETESHFEXREGH, FARESSEHRS

IGARE: REHSZSESERR, FrEERST—H




SEEE

O Dan Jurafsky and James H. Martin. Speech and Language Processing
(3rd ed. draft); Chapter 8, 9. 2025

o ZEFENELTRNNFILSTMEIERIE. LR LINER
o  ZEFNBT self-attentionfiTE 5%

O Zichao Yang, Diyi Yang, Chris Dyer, Xiaodong He, Alex Smola & Eduard

LI

Hovy. “Hierarchical Attention Networks for Document Classification.”
o« ENE Bi-LSTM E LD BIIMA S FRFIMAR TR, RIFERRETRE
FABIZDEREMEF, BATFRED .

* 1ZFAE Yelp FF8F0 Yahoo Answers FEZIMN D RS LB ES LSTM
1 CNN HE,
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O Alexander M. Rush, Sumit Chopra & Jason Weston. “A Neural Attention
Model for Abstractive Sentence Summarization.”

+  {ELSTM JRIS-RHSESRFIINBERESD, RTEOREEER, REEEHE
SRS DIRISTEEIERERTT,
»  1ZTFERE ViR EIEN AN E (ISP BN ERIERNTT ARSI,

O Abigail See, Peter J. Liu & Christopher D. Manning. “Get To The Point:
Summarization with Pointer-Generator Networks.

+  fEFNERY LSTM seq2seq + attention HEZEH, 5| hybrid pointer-generator 4]l
wl: EABEERE S ERETAM LA, Mg BUiEsr SRR IR
18, EER 7 RS SLERIEFIXT ooV 1aRYBEERES]
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IR EE TN AR B AR B B XU IS R AY.

O ;F573185 (Attention Score) ST AFTEHITIHA— (AERSoftmaxH
) ? MREAHITIE—, TeESHIBRLE ?




