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1. A A e A

1. IBS HIETE)

EERAEEERFEE: LR OENESES, EEBH XA, #
CAF F 7 B I [8] 2 T o

2. fEGERISTET M AL IR K H PR

KEZHERT2E ST CANSCAR S AT 55 TR MR B 5L RE A% [H]
B U7 L3N R T AT 3843, G = 5o B TR PP P PR ZE AR . SR 7R PR A 2R 1)
AR 22 X 4840 S AR, HH 3 [ 52 /NI sh & SR B R s
BXREEKFEFES], RIGUFHES), M i~ — M. XFh
“EO” ik EARE R, (HRE] T RB AR IR B R E A BN

3. B (RNN) S5K5EHAIEIZ (LSTM)

AN B—FER “TBIE D7 IR 2 S 3 —— R IR 42 R %
(RNN) FHAFA (WILSTM). RNN@ET7E & E 5| AN ES:, 1581
—BZIBBRRSIE R H A —EB Y, M EFR NG E LT XK,
BIrfEIRip ik AR Iz BHMEEESENFIIER, HUHBMNHTIES
B SRS RERIARE GniEtERRE) LE TS
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2. JEIMR LN 4%

T 22 2%
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2. JEIMR LN 4%

1. @37 %E$E (Recurrence)

RNN/ZIE M 2% h 2RI (cycle) [IFNZ L%, FA I I{H B 3
ERESS: R i N = BN IR SR (L DA

2. ElmanfE 21FIAMLE

fE] FLAIE R 2% (Simple RNN APt Ja A A HRNNAFHE Simple

RNN) X FRElman Networks, FZEHWITEFR: fEHAJZBIR5E)Z M
BIUER 24, B Z 18Ok B b — 20 B2 1% HAE s N .

Simple recurrent neural network after Elman (1990). The hidden layer includes
a recurrent connection as part of its input. That is, the activation value of the hidden layer
depends on the current input as well as the activation value of the hidden layer from the
previous time step.

3. [REREICIZINEE

E I ZI R RS by M TR SRS B RS, A2
[ € B PR i, 3R _EAREE M?ﬁﬂﬁ%iﬂéﬁﬂﬁ’]ﬁﬁﬁi?l
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RNNHFT A #EFE (Inference)

1. BLAIE

FPAER P IE RN : TR %) ¢ QU ST o 5 B0
R hey HECGATEGERES by FUFERIE yio

2. HEAR

hi = g(Uhg—1 + Way)
{yt = f(Vh)
Hp, WeR™W¥dn, e RW¥dr, Vg RIoutxdn, g5 13 5 Zsoftmax!
—Ak:
y¢ = softmax(V hy)

3. BtERFH (Unrolling)

R WA S I ZIZ B FEIT, T — MR R AT R4S, (ERCE
W, U, V FES I ZI3E 5, B S [ 4 3 I 75 25 RE S I 20 (14 -
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2. fE L

A e PR R A - S AR SR Dy AR A S I A R s

function FORWARDRNN(x, nerwork) returns output sequence y

h() +0

for i+ 1 to LENGTH(x) do
hi —g(Uhi_; + Wx;)
i+ f(Vhy)

return y

Forward inference in a simple recurrent network. The matrices U, V and W are
shared across time, while new values for h and y are calculated with each time step.

u w

C Py ) C % )

Simple recurrent neural network illustrated as a feedforward network. The hid-
den layer h,_; from the prior time step is multiplied by weight matrix U and then added to
the feedforward component from the culrenl time step.
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2. JEIMR LN 4%

RNNFINZG— 7 & (BPTT)

1. MKRYSIRESLE

KRBT gy VHEAS SO, FFEXT BRIERZ 75 24 11 S J5 S 2 1
M EATSRA, A RENRT by BIEIRZE .

2. WE&H

BIE: BB ZITHE by, g RSP RIER, FRORAE R BRGECIRES 5

&E: WFFIREG AT LR ZE, TS ACERE . thR) @it
[ f%) S Rl 4% 4% 7 (Backpropagation Through Time, BPTT) i,

3. BEHAEMERE

H TR Z(E S5 2 KA, RNNZ IR R BURIE, SEMELE
SKIEBE KRB LSTMEE #4519 RNNAS {4 ] DL S 1] 731
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2. JEIMR LN 4%

RERNN R LA (8]0 e IFJa,  wnh ERs,  rIAD8 — MR R R s
ez, A -E TR I B AL SR R U ZRRNN I 2 5L

P

BTG XY A simple recurrent neural network shown unrolled in time. Network layers are recalculated for
each time step, while the weights U, V and W are shared across all time steps.

>
»
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3. B I RNNAY ZE 5 A

o2 FHRNINFA 2 18 5 A 7
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3. B I RNNAY ZE 5 A

T8 5 AR rp ) RNINHE 22

ESBHR: 65 BB AEMRYE BT LN SR bR — MR 2%
GRUES
P(fish | “Thanks for all the” )

SETUEN: W R AIMERE RN, AR IR E SR

P(wy.y) = HP('LU@ | wes)

=1

BREMAS: 5 OIS € n-gram bR SO SR TS A BRRT A0 2205
FEARUAALE, RNNGEHERES by BRIE ERTOR B 510 Sk 21 2 i (14
—UMER, TEWAERE DRG], Sehk T KRS OS2 BRI 1A L
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3. N FIRNNAY 2 1E = A Y

8 FH AT 45 0 48 MIRNINAS R 15 5 158 1Y) 22

a) b)
g “
D

(hep) [u] () (U] D

w w w

Simplified sketch of two LM architectures moving through a text, showing a
schematic context of three tokens: (a) a feedforward neural language model which has a fixed
context input to the weight matrix W, (b) an RNN language model, in which the hidden state
h;_; summarizes the prior context.

w
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3. B I RNNAY ZE 5 A

RNNE & # 8 Fif [m) 4 FE

1. MIANFRTR: REHTIA o AR RS, SRR B B2
] )
€t — El’t

2. [BRISEF: Fa—PRRE by BAHBA, THEHRIRS
hy = g(Uhi—1 + Wey)
3. I ESHER: HAMHE V5 softmax 132X 417 2 1 7 4>

At
U = softmax(V hy)

4, BEERMERR. WRAPE LN T — N E B R
P(wip1 = k| wig) = W[kl

BB 2P mMRER: 111, slwl.
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3. B I RNNAY ZE 5 A

RNNE S B A1 2k

B EFS): HEMAESCR BTG, R AIMRE;
KRR AR Z T 18wy SO B A5 SR 52K -

Log(t) = — log §e[wer1]

Teacher Forcing: JIZidEHIRKFERAELRIFIAEAT—SMH
N> TAEBRS TN, CAInE sk
RN @R T B M358 SCRERR i 2 B E 2 40

T

2025-02-01
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3. B I RNNAY ZE 5 A

Next word long and thanks for all

I

toss  [2108 fiong] [Z10g Jand [logimams] 108 Ftor] [=Tog day

y j?(m
) -
B

Softmax over ( mﬂ.ﬂ.nj
So long and thanks for

Vocabulary vh
[Af RN  Training RNNs as language models.

S[=
1=
Iy
8

(oo ) (Lae)

Input
Embeddings

ol
Lt
b

zjzhang (HZNU) 2025-02-01



3. B I RNNAY ZE 5 A

&R

EHl: FINBAFERE B (dx |V]) S ERERFRE V(| V] x d) 4
JEEAR R ELE SCRIAL, 23 125 ST B PR REIR P S 5 5 i 0

{8 FHRNINAL 2208 5 BRI, B a2 1 4 B 55 ] ik N (140 24 A [
(B0, d), E 500N —MAERmE#RA R E, Vh R4S R 2
K — M logiti3 5y, V IR AT X ROAR I — MG, Fik,
VA TR RNNTE 3R 22 B0 55 — M NFERE . i 4 T0 AR R
WEBCR, TR ESHEGER V, ARG RERE, B, fEHMANEE
RN B, e 2 AR N R E BT,

ik AEWFE LR R G L E D, B

Yt = softmax(ET ht)

I A BTSN e = Eaye
Rk LU SHCR I RN JE At RERE— D PR IR T PR 2K
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4. RNNZENLPAT% 1 ) )37

RNN7ENLPAE 4 ) 3 FH
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4. RNNZENLPAT% 1 ) )37

J¥5457E (Sequence Labeling)

1. EREX: SR ENIER AT RN Srid— 4 E
SERRE, WHAMERRTE (POS tagging), i MFRZ4E (WINOUN. VERBZ)
HIE PR AR

2. HEBIEERYM N BN 2 1A S S T 2] RO\ BRSA )

RNNAGHE: A% JOK A i N BiE ARNN (BRLSTMD, 2B % i %1 ) s
FEORAS 5

2 KR BEIECIRAS, i softmax™ A5 X6 N AR SE HIABE 2R 40 A 5

ffRh s I 2 O 2 A = b B A 9 TN

3. NSk KA SR, ST Z bR w8
gskiﬁu (FIE SRR BRI I & AL CETET IR RTT) i 21 vt ]
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4. RNNZENLPAT% 1 ) )37

Argmax NNP VB DT NN
y

soumson (TN i )| sl ) e )[ ol
EEs

=
o

]

Layer(s)

Embeddings e

T

Words Janet will back the bill

Part-of-speech tagging as sequence labeling with a simple RNN. The goal of
part-of-speech (POS) tagging is to assign a grammatical label to each word in a sentence,
drawn from a predefined set of tags. (The tags for this sentence include NNP (proper noun),
MD (modal verb) and others; we’ll give a complete description of the task of part-of-speech
tagging in Chapter 17.) Pre-trained word embeddings serve as inputs and a softmax layer
provides a probability distribution over the part-of-speech tags as output at each time step.
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4. RNNFENLPAE 4 7 i

T 47725 (Sequence Classification)

1 SRS BN SAFT S e N RRAE, I T
CIE /D RS K BRI

2. 1RBVEEH

- FE ol N TR b, ] A R EIR A

- WA LIRS by BT I ZIBIRZS AL CANERES{E/ & KAE)D
TENBAER;

- SRR AR P YA BN 2%, & L softmaxdil P
VI E ST

3. 1)II9#'3L~9E AR PP 51 2 T 558 SO R (1R 22 9805 12 48 [l
UA); IRZEAE T AT A KRNI 2% i 1 J [7] 4% 3%

zjzhang (HZNU) SCAAZ YR 2025-02-01



4. RNNZENLPAT% 1 ) )37

e

IOTICERY  Sequence classification using a simple RNN combined with a feedforward net-
work. The final hidden state from the RNN is used as the input to a feedforward network that
performs the classification.
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4. RNNZENLPAT% 1 ) )37

AR (Generation with RNN Based Language Models)

1. EHEN: ETOEMABLGE E I, BSERELECE, H
THLAEEIE, FE. 5.
2. BEYI4% K (Autoregressive Generation) itz
- DIRRE R AT (T “<s>7) AE—fA, THERBORS @
it softmaxdliFf BL BTk £ K — Ml
- B R AN T — Iz, B R
- ARBBKEBESERERT </s>7).
3. &REN)IZ%
- GBS @2, fliHTeacher Forcing: IR &0 A\ B SLHTT
] 5
- VHREERTS — ANl B2 ORIy, S B m A i 8.
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4. RNNZENLPAT% 1 ) )37

P .\I g .\I P .\I
Sampled Word  So | long ! and | ?
I I T I T
| I I
softmax (Ll ) | (ale) | (ale) | (als)
) | ) I ) I )
| | I
| I I \
RNN = = |
| | |
N S S S B )
i | |
Embedding : | |
I I I
| I I
| I I
Input Word <s> | /(SO | /I'Qng | /?,—nd
[ [ |2
s L7 g
IJTulyR R Autoregressive generation with an RNN-based neural language model.
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5. HEZ FIX ) RNNZEF

B XA RNNZERY

zjzhang (HZNU) 2025-02-01



5. HEZ FIX ) RNNZEF

Stacked RNNs (£ JZHEBHIA 2% )

1. EX: BEZAMEHM LG 2B EGER, §i— 2 0% F57E RN
J&— 2 KN F 5 .
2. EHRE

L ’
RNN 3 —[i] j
( [; T ,
e
| | | |
] ] )
( [—{1—1] RNN 1 —————|
x[.I xl2 xla x'n
Stacked recurrent networks. The output of a lower level serves as the input to

higher levels with the output of the last network serving as the final output.
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5. HEZ FIX ) RNNZEF

Bidirectional RNNs (XX A 7EE N 2% )

1. EX: RN YIZRIE AT m A R RE IR  2 ——— AN AT 51 TSk [
RE# C(IEFD, —MMRERFFES (D, FHAERARZH
HIIFARAPFE (K, concatenation) Bt &

2. ~X

hf; = RNNforward(xlv ey $t)7
htt) = R1\11\Ibackward($t7 s xn),
he=[h; 7] (B @),

W IEFIRIR B 5 R FBRES pp B, TR R KR -

3. =

= o ol .S PR = TR A 0B o P NGl S VA S R RS
B FEPRTHRIE RN 73 AT 55 IR 5

- NP RE: EFPSURREARS RS IE RREE SR SR ] 258 JE
W AERF SR, AlRERTE P 1A B e A BIRAS TR R 08,
6 s L i RNIN O A R A M2 3 v 2

zjzhang (HZNU) 2025-02-01



5. HEZ FIX ) RNNZEF

Y1

concatenated

Yo sbs
»U outputs »
[[‘ %—[}— RNN 2 ——m]

4

ST NNl A bidirectional RNN [Separate models are trained in the forward and backward
directions, with the output of each model at each time point concatenated to represent the
bidirectional state at that time point.

zjzhang (HZNU) | 2025-02-01



5. HEZ FIX ) RNNZEF

h% | RNN 2 —AQ
[D\*H[ba[b—mm n J

X1 X2 x3

A bidirectional RNN for sequence classification. _
to represent the entire sequence. This com-

bined representation serves as input to the subsequent classifier.

X
3

zjzhang (HZNU) X 2025-02-01



6. KEEIHILIZMZS (LSTM)

A KRGS IZMgs (LSTM)
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6. KEEIHILIZMZS (LSTM)

. BRI

fﬁ? FIEER T, HERNNESRB e RES s T RO i 1 L5 S
AELER T P 7 T8 B AT e AR A A2 P 8 R -

ST REUZMERBEAMREITHER, EEHIHREAR
RFEMEL, ZHMEIIR;

BRBLIHSK: )IAfEIEN, IRZEFISMEZ MR, o) S I

2. LSTMZE iR

KA MZE (LSTM) G AEALGERNNA 5] E 3 “ 40 R
&7 (context) M HEMLH|, K « .ﬂaﬂﬁﬁﬁf B 5 “QREEZEGEE" W
/\J\ %PL’*JJ U\Tfﬁﬁxﬂlg@kﬁﬂ@ﬁﬁ

® ©
|

(o] [Gm] (o]

’ |
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6. KA M2

USRI R it 57

BT T TR ICIR A “ AR e — Sigmoid ” 7240, 1]76 Fl FI#RS, 15
SR A EHOE TR, DAEGE Bl
1. =i2l] (Forget Gate)
fi=0(Uhi—1 + Wpzy), ki=ci1 © f;
FH DA 5% i 200 BRBR S A AN 7 7 045 B
2. =207 (Input/Add Gate)
g = tanh(Ughy—1 + Wyzy), i =0 (Uihi—r + Wizy), ji=g: © it

R E LN IEPN: i R R ER SN

ét
(o]

hy—1
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6. KFEHAILIZMNZE (LSTM)

3. MRS EH
cy = ki +ji

FOR G BATH S B A, TG 4k
4. #i7] (Output Gate)

0 = O'(Uoht_l + Woxt), hy = oy ® tanh(c;)

R R A DR 2850 2 T 24 i e IR 2 o

(X ®r
fi iy a
Cy

hy_1

A

zjzhang (HZNU) A 2025-02-01



6. KEEIHILIZMZS (LSTM)

ALSTMEITEHN S ATAMEIN 5. £ —BRBERE by R b—
BMMRE o1, ZPURTTIFTIBHEIG, MUTRBRE b 55
PAMDIRTS cor TMEH A 3T T BB\ M BRI 0 57

F
4 i ©)
t L f

- + 't *Ct
hy 4 -
/ tanh,
- N\ 7 +y»tanh
A @[y hy
i
g
L LSTM

ISTNICE MR] A single LSTM unit displayed as a computation graph. The inputs to each unit consists of the
current input, x, the previous hidden state, s, and the previous context, c¢;—1. The outputs are a new hidden
state, i, and an updated context, ¢;.
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6. KA M2

gl 5 SEbr

- BEMER: LSTMECAEREEEE 11885, X L2 IREE
“me” R,

- RIEEM. W HEBESHATARNNSTT, HTHES (stacked) BIRL
1] (bidirectional) ZEf4rh;

- ERARE: BT LA B RO ARCRIRS B RS 1 T T R AR A
LSTM & B A B 7 F1) i A R BRI R

h hy hy
a a
x Ny.q X C1 P %
(@ (b) ()
IR BE] Basic neural units used in feedforward, simple recurrent networks (SRN), and

long short-term memory (LSTM).
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7. NLP v RN N2 A 5 &5

NLP A5 WRNNZE AL s 45

zjzhang (HZNU) 3 i 2025-02-01



7. NLP v RN N2 A 5 &5

1. F5¥r5¥ (Sequence Labeling)

- AR ARSI TTER (EEANED S MR,
A1 EARE (POS tagging)o

- BRERLEERY: BRI AR UGEA RNN (B LSTMD, #E4EN Zilf H
—ANBRIOIRAS, FREIT softmax JETRIMAZ ZI AR

- R B An: SRR Z FIFR BS54 Ok, I AT I
ZIAT R SR AN, i ) 0 Sz (7] AR FE ST RNN 224

2. 5593 (Sequence Classification)

ARG KRN T A R — AR KRR S, L L 4 Ay
Mry 25 BB EERG I 4

- BEAYZERY: RNN IR TS REUIRAS 5, 185 B e I ZI i B 80tk
A hy, (BN BT B 20 BRGECIRAS Sk, andsfE /s KB, FBE—E R
W 2 Fl1 softmax it 285 347

- SR BAR: AU T F1 00 P 285 SRt BAs SOt R, iR
FIUZ A% A RNN, S8 21 55 )1 25 .
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7. NLP v RN N2 A 5 &5

C w ) W)

+ 1 1 t B +
X4 Xy X x4 Xo X
a) sequence labeling b) sequence classification
Y1 Yo Ym
t ¢ t
Xy X X (_ DecoderRNN )

G D

C Encoder RNN D

! f Ff
X9 X2 Xt-1 Xy Xg xTn
¢) language modeling d) encoder-decoder

13Tl W] Four architectures for NLP tasks. In sequence labeling (POS or named entity tagging) we map
each input token x; to an output token y;. In sequence classification we map the entire input sequence to a single
class. In language modeling we output the next token conditioned on previous tokens. In the encoder model we
have two separate RNN models, one of which maps from an input sequence x to an intermediate representation
we call the context, and a second of which maps from the context to an output sequence y.

zjzhang (HZNU) 3 2025-02-01




8. Encoder-Decoderf&#Y

B Encoder-Decoderfsi Y
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8. Encoder-Decoderf&#Y

Encoder-Decoderf& 2 it 3 AS HE 2

- {E548i&: Encoder-Decodert¥i ! = B H T AL FHAINFFI 5S4
SKERA—HEMEXRERNES, LTHEHTHSRIFEETS. 5
RGP A bRIEAT S (Uil bRTE ) AIF, Encoder-Decoderts Y % A
350 5 A BEANDL D, HLAEAN i N 1A 5 i 1) 2 TR A 18T 51
— X R R

- REFAGUE: 2R N T LSRR, SRR L. ME RS
NG ST 55 o TENLASRITREF, BT 20 A T 5 A AT BB AN [
KB, T ELRVE R HES I ] g KA AR ] -

Encoder )

C
i t i

x4 Xp X,

J3TN R ML The encoder-decoder architecture. The context is a function of the hidden
representations of the input, and may be used by the decoder in a variety of ways.
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8. Encoder-Decoderf&#Y

LSSty ARSI (B EE

Encoder-Decoderfi 4 py =A™ 3= B2 K43 2H e :

1. Encoder: #Z2HINTFH) o1, 29, ..., 20, FAER—FRI ETF X
RN hi, ho, ... by IXEERIRFFHE T HINTFIIE LS E. . Encoderii
A FHRNN. LSTME{GRUZE R4,

2. Context Vector: Encoder) 555 BREARAS h, #EFHE LT XXM &
(context vector), XANMEME THATFINZOER, ks
25 DecoderfE A A Bk H KB

3. Decoder: Decoderi 3z Contextlr] &=AE NN, FHA K — MR
AR TS y1, v2, e - Yo XL HH BT Decoder I BRURAS FIHT —
F Z1 P A e A R

fEEncoder-Decoderfi 1, 2552 AN FH « AR HEIRTY] y 1)
AR T SN

p(ylz) = p(n|2)p(yelyr, ©)p(yslyr, v2, ) - - - D(Ym|Y1s - - -, Ym—1, 2)
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RNN Encoder-DecoderZ2

8. Encoder-Decoderf&#Y

A

1E AR FIRNN Encoder-Decoderfii il fi,

- Encoder:

RINHIEIRES ha, ho, ...,

- Decoder:

g/\lg ’Ij(al_n

B N7 5 #4500 — A~ LR 0K~ (context),
By, SRFRAEEEA SN T H B o

DecoderfEfF— B AE R —/NETHIHTHE ye, BN H AR
T A7) DecoderfaR 2 ht FIHT— 2 A Al
Bt Context v =W IRk H:

i

1 i) ¥ ) Decoder iz A<

ho» SRJe I VA HBA: A H

softmax
hidden
layer(s)

embedding
layer

Target Text

p e i ,
llegd i la” | bruja | verde </s>
S S N S
(output of source is ignored) i i
L)1 Ch) | G |
i
i i !
L ]
T
| | !
|
the green witch  arrived <s> illegé: Ja | ruja verde
A % LA ~
Separator

Source Text

AT BY] Translating a single sentence (inference time) in the basic RNN version of encoder-decoder ap-

proach to machine translation. Source and target

are cc

d with a sep

token in between,

and the decoder uses context information from the encoder’s last hidden state.
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8. Encoder-Decoderf&#Y

(output is ignored during encoding) 4

|
I
p Y
|
softmax i eds
P (o)
|
i
|
|

d d ]
o | Bl —Emm
layer(s)
t
embedding |
layer }
I
X4 Xz X3 Xq s> M 2 B /Vm
/ L 7 7 .
Y
Encoder

IQETENE] A more formal version of translating a sentence at inference time in the basic RNN-based
encoder-decoder architecture. The final hidden state of the encoder RNN, £, serves as the context for the
decoder in its role as hg in the decoder RNN, and is also made available to each decoder hidden state.

Encoderi it Xt N F AL EE, E— N E T XHE ¢, BRg
BT HIEXEE . XA BN XRE ¢ 27EDecoder 1A R
bl A i, H iR Decoder s BN N 7 51 S G B T il

d d
hil = g(ytfla hi_1, C)
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9. VEX /I (Attention) AL

B =7 (Attention)HLiH]
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9. VEX /I (Attention) AL

B 5t: Encoder-Decoderti B4 {1t 20 o] i

- FAFEIRR . EALE Gt Encoder-DecoderfiiZiith,  Encoderts /N A
7 B Wi 2 — AN 2 B B R SC R & (context vector), i f&Encoderfi
Ja— NI ED IR RUIRES hpo XA R XA &L AUS 55N T AT A
=Y M@Decoderﬁﬁﬁﬁﬂéﬁiﬁiﬁﬁﬁﬂ %ﬁﬁ XS EATAE SR PR
JEHEXTKA) T, FNTHI 5 BE B 0] e T0iE 78 7 % 14 45 Decoder

-BRRAR: N TR A Hﬁ, '3[)\TAttent|on1‘thrFJ, ML
415 Decoderfig 1% M Encoder ) FiT A BRJECR S HHIREUE B, AN
a — MRRRECIRES .

bottleneck

Encoder Decoder

L L A

Requiring the context ¢ to be only the encoder’s final hidden state forces all the
mformatlon from the entire source sentence to pass through this representational bottleneck.

zjzhang (HZNU) SCAAZ YR 2025-02-01



9. VEX /I (Attention) AL

Attention#/L 1| # A 5 #E

- ETXEE: 5155 Encoder-Decoderti B AN [H],
AttentionHLi H 1 LR SCIR EANFOZ [ E I, T2 4 Decoder 4| 11
IRENZAE . BEACkYL, AP LT A& ¢; &Encoderfi g
FRgECRAS I A3 .

-WEAE: LN XUAE ¢ AR T Decoder 24 1 [ BRFECIR S
hi ' MEncoder (T A BaiRAS hL, B2, ..., A2, JEIT 544 Encoder B
REE 20T DecoderFRBRAS 2 [H] AR I, 18 BIIIALREL.

Wj

G

ATk WA The attention mechanism allows each hidden state of the decoder to see a
different, dynamic, context, which is a function of all the encoder hidden states.
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9. VEX /I (Attention) AL

THEARE S IACT

- XMWY fER DML, 38 5 Decoder 4 B FRRBUR A
Wit 55 EncoderBRiBUIRAS Bl Z 18] HAR SR @ DGR X 38 e
BT T VR A /) (dot-product attention), E HE AN
I AR R E AT AL -

score(hiy 1 b)) = Wit B

XA R 4E 2R 7R Decoder flEncoderfE 24 BT IS ZI (R AH <14 .

S VFA— SR BixLE XM o BB softmax3—1k, £330
R ayjy IR R IRFEA EncoderBRiUR A% 1 BT DecodertR 4 1) 5 22
Mo SR)G, XS FTA EncoderFE LIRS ALY, HEESI XA LT

Ir‘lﬂ% C;t
i =y aghl,
j

A R XRE ¢; 28 HAE 21T DecodertR A IHIN o
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9. VEX /I (Attention) AL

Decoder ) 5 3t

- THESEH: FEUURRIT, Decoder ) AT FamRZS bl HOBT 2 A
IREBCIRAS AT TR R v LA M AttentionBLHI 73 211 B R
XAE cjo BARMIHE B AAN:

hy = g(yio1, b, ¢5)
Hr, ¢ RBUERE, 8% ZRNNFITE A,
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9. VEX /I (Attention) AL

Decoder

attention

weights
Qij

hidden
layer(s)

Encoder

A sketch of the encoder-decoder network with attention, focusing on the computation of ¢;. The
context value ¢; is one of the inputs to the computation of hf. It is computed by taking the weighted sum of all
the encoder hidden states, each weighted by their dot product with the prior decoder hidden state h;{l.
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9. VEX /I (Attention) AL

FER IV
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Attention MLk | % SiEncoder-Decoder b Y Hr A7 7 (1) 351 i) 1 ,
B ESERLETXEE, #15DecoderfEns fE RN A H I Hr N
FFHN R B AR IR 4, AT B 3 i 7 AR TGS CInFLEs B i) IR,
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THE END
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