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Abstract In recent years, with the rapid development of deep neural networks, it has been widely used in more
and more fields. The deep neural network model needs to use the previously learned information to memorize
when dealing with prediction problems with a wide range of sequence dependencies. In a general neural
network model, data transmission through multiple neuron nodes loses a lot of key information, so a neural
network model with memory capabilities is imperatively needed, which we collectively refer to as a memory
network. This paper first introduces the basic model of the memory network, including the recurrent neural
network (RNN), the long-short term memory neural network (LSTM), the neural turing machine (NTM), the
memory network (NM), and the Transformer. Among them, RNN and LSTM use the cell hidden unit to process
the information of the previous moment to remember the information. NTM and NM use the external memory
to fulfill remember function, and Transformer uses the attention mechanism to selectively remember the
experiences learned in the past. Moreover, we compare these models, analyze the existed problems and
deficiencies of each memory model. Therefore, according to the different approachs of modeling memory, this
paper systematically expounds, classifies and summarizes the principal memory network models, including its
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network structure and training algorithm. Afterwords, we introduce the extended model of the memory network
and its application in different fields and scenarios. Finally, the future research direction of the memory network

is prospected.
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machine; natural language processing
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R H 2 5D a8 RS RHE R &2 LR,
M = WL RS S RTIRIE 5 AR 2R s
HIRE S AT AR ZIBIRE Z KA.
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ERER IR X TR AI S i, E
SR [F N ARSI R A B o e B
K AME Ry, 485 PB4 A 10 2 9 R,
FEBROA [, Forbd REEFEIOALR, BUE

softmax pRECRAFALE, THEZ I 1 B ER IR

#:
Attention(Q, K,V) = soﬁmwg%fﬂ (25)

HiQ, K,V 2] 7 ihapA> Hid () & il &

q . AR K AME RV H R

Xt T G AR AR E R LI, H P & i [
O oK B RD aR FRR SRR, T R K AN A
VR B G (0 fa HE FR AR R

ZRER AN 5 h DAF K B TSI

PR AN (R O R R R REAT B 180, PRI — S KBy
AEFERE, SR @ R R B -

MultiHead(Q, K,V )=Concat(head,,K ,head, )W °
head, = Attention(QW,%, KW ,VW.")
(26)
HoAr WO WL WK WY SR 7S 5] F Bk SR 46

fr B8 (Position Embedding): H T-A8% 58
WFE T FEFI A5 K6 ) RNIN, BRI A TR e 371 (Y
BB, R, A0 SN A R R Y
BRI AR B FFEMISE R, X BAREA AN,
U, AT XAANFEALE R AR], AR GmA iR ) &
A A RIS (0 IESZ M AT SR BR B, N T A B 4
H P RAE <

PE = sin(pos /10000%/ e ) (

PE pos 2121 = COS(POS /10000 s )

Hrp, pos & HiafIhiE, | R R 4%,
Oy 72 BB R RAE [ B (K . S RE LB G
PR AN 0 B IE SZ i A E, T HL T IR AR 9% R
Y, ArE pos+k [ B 7 & AT LA pos
KB AR R

(pos,2i) —

27)

sin(pos+ k) = sin(pos) cos(k) + cos(pos)sin(k)
cos(pos+ k)= cos(pos)cos(k)- sin(pos)sin(k)

(28)
XFERR T AR (B B, B IR TR R AR X7
B R AT LB B R
TEARER) WMT 2014 J5i5E -5 B £ F1 WMT
2014 FEAF-VFE B S N ARIR A AT T VRN .
FER g ) Adam Ak 28 EAT I, KB MO E N

b,=0.9, b,=0.98L)% e=10", HHHE Fils

AR RE P R o 5 R

I =d % 2min(step _num °°,

rate ~ “'model *

step _num>warmup _steps” -°)

(29)
Z ARSI —A warmup_steps Il 252
2212, 2 5 50800 O R R L s AR 5 =)
K, ¥ E warmup_steps ¥ 4000,
BRI AEARFAS = 1R A H o 456 P T ke 22 TP 2%
1 Dropout 7M., A 7RI AR . K

AL By, = 0.1 BALEYI Rt FE A48 AT b

BPEEAM, Ha¥ohe, = 0.1,

AIRAARALIERE T LT 5 /4ME 5 B T
S

ByteNet #&71: £ WMT 2014 J&if-fi B4 45
AT . BT AR A A R, Fljkt
v B T AR RO 1.2 £ 1
FERAAE T 254 (Dilated Convolution) ﬂ%i
T E AR 28 3252 458, FE W2 (19 5k R 1 4R,
TR —fF, AR RKHER 16.

Deep-Att+PosUnk #57: £ WMT 2014 Hiifi-
BB AT S0 . X T URE = H ARG S
S FH 256 4Ef FRIRR AN ZESL, A LSTM JZ#0 A
A 512 MEfEHRTG, i ERK/NS BRI R PR
AN

GNMT+RL f&%: 7E WMT 2014 J&iE-7L1E Al
WMT 2014 JEi5-481E A s 5 BT 9eie . B
i 8 NwmtL#y Z 1 8 MEID AR EH K, AL
AL 28 26 1024 4~ LSTM 5 5. HAEE S



W28 — AN R RTINS, & — AN HEF 1024 A4
T IRRE .

ConvS2S f&#l. 7F WMT 2014 JEif-iLiE fl
WMT 2014 Jeif-fE p N s 4 gk AT e Bl
[ gmit as A AL g1 F 7 512 ANB& T, W HATE
R ANGERCH 5120 ZARETLE I Rk R A2 A FH ik
BEEERI i, WEBNEEN 0.99, FEAERAE FITEEL
Mt 0.1 ME L PR E— 4L, )R E N 0.25,

MoE %1, 7E WMT 2014 JEiE-1E1EM WMT
2014 JiE-fEE AN EE R LTSRS . XA
T GNMT HERUHAT ok, v T b B 2k,
B i s IR AL 23 T ) LSTM E 500 Hil 38 N 3 Fl

1

2, FFAE GBS AR Y 25 10 e J5 — SR AT T
MOE Z. &1 MoE R & 2048 L5, A4
LR AL 200 NS4

S 45 K HRAF 1) BLEU 0 BRI R385 7
R0 OB AT LU, R 3 B, TLLE AR
6 ST AL AT 55 b IR 0O DA TR B 110 91
JRAHRRE SR AL

AL, BTN SRR AT T
T FERICSE, AT FL R S5 R 4 R

*3 TERSHMRBNSIHERIEL

BLEU 4% WERBRAH OF RIs5)
R
EN-DE EN-FR EN-DE EN-FR
ByteNet[*®! 23.75

Deep-Att + PosUnk™! 39.2 1.0 - 10%
GNMT + RLI 24.6 39.92 2.3+ 10" 1.4+ 10%
Convs2st®! 25.16 40.46 9.6 + 10 15+ 10%
MoE™"! 26.03 40.56 2.0+ 10" 1.2+ 10%
Deep-Att + PosUnk Ensemblel**! 40.4 8.0 - 10%
GNMT + RL Ensemble® 26.30 41.16 1.8+ 10% 1.1+ 10%
ConvS2S Ensemblel*® 26.36 41.29 7.7+ 10" 1.2 - 10*

Transformer (base model) 273 38.1 3.3+10"

Transformer (big) 28.4 41.0 2.3+10%

*® 4 ETEEFMICIIMBRE

Y I [] ol AR 1EH N
DTN[18] 2017 4E NI rh 2 23 Je i B R T ARFA DR/ PR 2 ) 0] B K Ll
WTN[19] 2017 % MAZAEERSSCERE AR PIGRSE TR, PEREsE4F HLERE P
AAN[20] 2018 4 PR ML PPy AR HLERE P

BlendCNN[21] 2018 4 A3k FE RN 2R CNN KIEIEAT T S8 A7 5 ARG
Action
2018 4 s AR A A8 R SR G AT A AN RHE I 2 5R BAT RN HEAT 0K AT AR
Transformer[22]
Universal PRAN T AR AR AR T RO R
2018 4 A5 PGP 225 ) 1) AR 16 4 P % B RS
Transformers[23] PRIk
Evolved
2019 4 18 X 248 5 R A 2R SO H 15t P A AR R HLAS B EANE 5 st
Transformer[24]
Set Transformer[25] 2019 4 A5 AR WL R GRS A0 2R SRR BN ES TR BB R H W RBEE RN ZAMES
FeRERe=waLiIk I EIPN BN et S A \
Transformer-XL[26] 2019 4= Xof KT R A O R A S g

ETIEDIRPN
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26 INE5SH

ARAT EBVEGIN2A T iCI2 W24 i FE v
B, WA RNN. LSTM. NTM.
MN FIARI%EZS, DLA AR g A A sE IS 2
I LA R R LG AT, anER 5 B, RILLE
Hj:

(1) RNN ZALEEF IR pp e X 2, ddid
5 I FHVHT a2 ] AR 0 F SR AR B 0 431 25 1
BFE, BREREMLIZI6E.

(2) LSTM Z&7E RNN [FJ3& At L xF PN BoiR 2
MBS, BN TS TTREAZTT, AT REBS A
SREEA HMCIZE R

(3) NTM [AJ¥E /&7 RNN FEait - 3E4T i it
R T BER ML EAR, 4 b 22 I 25 R S B P R AL
THEBR S 8, A 7 AN PR
ST STk VA

(4) MN 5 NTM #f8F 1 SME A2 s ke Sl
R A2 T RE, (H NTM R R gE Ry [E 4, HAg
ST B, T MN B B AT AR Fh R
A

(5) AEAEIIFE T RNN [HIHERLSEH, AU H]
TER B UM G b 25 - A g S5 4, T R B
N Fp B BECIR S Fe 51 5 i 4 471 =54 i 84 H R ]
IR SR, TS 1T H AR 5 5 SR S
PE S P8I B S, AR SCrR R I =
H AR 8 55 i L R RO 2R A SR SRR, AT 58 L%
BEAE . XEA gD a- R aiE = IS, 5
MN T 20 e BB AR PR, #2 ROR VR4l
BNFP A SR 2 AR R . —H KA
fET, AIASRPASEA LB FIIS RS,
MR R T e MR RFE I RE ST, (BANBERE AT
T, AMTIAK GPU MIZIAEL. 1 MN H
N A AT S ORAEAEAF il e, A 0122 T s
55 1) R A DR ) B3]

PR, 3RATRE B IR B A2 Dy BE A2 0 2% 45
RGRRCAL S . £EF 41, RAESEIEAS EREAT
IR B AL AR B T AT 73 2B 2

5 ICIZMEERR BT EL

SRR I 1] (VAN s B
TEHANZ 0L (RNN) 1986 £ AT AALIEB(E S R LARIL S 8] P 51 (R 3l 1 T AT FURE 2 ST AL TR R B 1212
KRSz % (LSTM) 1997 4 BB PIANTTR] BLg 5 S A A i X T KBE B KB R R
M ERH (NTMD 2014 4 SMERAF it S 187 A A R SR SR 12 AR o] PRI R
EAZ M4 (MND 2014 4 ShERAF it S AR AR FANZ AL AR INAEE7/3 8
3% 4% (Transformer) 2017 4 len=wapikl Bk, JHATIFROE R GPU HikE TVERR R A AEFIAL B A S

3 IBIZMFIREY R

E—FW AT IR IR, ST
RNN. LSTM. NTM. MN FI45i%3s. Rtz 4,
AR L S F X S S Y AT T A
o, H ERACIZMN LA 5T RNN 9 R,
FET LSTM B9 R A B FI 3L T MN (9 R4

3.1 ETFRNNE RBi&EH

T RNN M RERGIR 2, ST
TR 5 b S0 R R AR 2R A 35 9 = ML 1
123%F RNN. BA K028 RNN I T #REA
22271 RNN. FET RNN 87 FH 289 b A K il %
B, XA R .

311 EETEREINSIIEAZIEHEE RNN
T RNN BidiZ e BA T E RN, ARE

A TR TS R, TR 25 5 2084 FH (1)
KIRHAAF B o T HE TE = IHLHI 2%+ RNN
( Attention-based Memory Selection Recurrent
Network, AMSRN) U1, 5iist i & F MU 76 17 ik
T RGOS BRI a], SR R A I
BE R

AMSRN 8 3= 2 i A5 48 LSTM A bl
TR . LSTM 2 N 538 7 41, A7
fits BRI )22 A R Z o VRSP AR Rt
g R R 2 5 B N, AR TS — ]
(1) 2% A 5 Bt 2 70 A

(1) LSTM. LSTM [ %i N 4& 5 i J7 51

XX X s BN X N A2ghD (1-0f-ND
MR BEEE LSTM BB 22— d

e h e R, Bk t %] LSTM $HEE3IH(E



BRM, =[hy,h,--- ]
(2) FERAHS. T EH T 2 A Rtk
& 0 ERFA d R w Fw BT i LSTM
FEEEM, =[h, by, b ] FFA TRk h
P d 1A R K fEATE R B
k =W, h +hb, (30)

Horp, SEEEW,, el " mEb, el ¢ R
TN 2 SIS
RIEIHHE B Kk 5 LSTM 7 it 5

CIIF

= [y, Py, R TR by B A B € -

&; = (h ow,)-k, (3L
HrpoRpmBURRIE, - KA. Hld
h oW, #f LSTM 7264425 M, =[hy, -, b ] 4

NTE I — 4 24 R B hy W2 W, 05—
AEHEATLIIAS e, SRJF T2 TR IR 102 2
O RIRAS hy o Wy 5558 K, AR UL

SRJ H softmax bR BCREARAUEE e IH— A3 2IVE

%ﬁ*ﬂ% O -

exp(e;)

@y = ——t (32)
Zizo eXp(etl)

13
VE B THURI P W, XF h R E R

(72> XA THE h R B SRR E R

PR L o AHIR F) & 1,
EIEEER

SRR IRGE o, 55 B B

hi’:h. OWh2 (33)

=
q=2atlhl’ (34)

i=
e, FVER AR A & r MTERUIRZS hy ST

T A A P A 1
R, =softmax(Wh +W, . +b)) (35

HAW W, by #2222 S5 A

pr?
R, B Ardi 2k R e FH R0 iy 518 2 A0 Ak

FopAn B, IR rh By 8a] (0 225 70 A1 Z 1 Y

B E T

AMSRN Y 7E P AN T SR SR — b SCER
PR EHEAT SIS, S —ANTE U AR Penn Treebank
Corpus?® i —Fh iz i FH B4, SRR A5iE &5
B A 0 . 28 AN S HE 5 Switchboard
Corpus®Lg — AN HIFiE S IERIEE, U T 2 i
FH P 22 16 (0 SO %o 3% P 2o 38 AT — /\Eljii&ﬁé%
Gigaword® 4 7 25k I SCHT R S . % 6 M sh
TR EAEIREALI P RIS S, FEENALSE
A TR B R A AR AT VA

% 6 ANSRN HEEUE O BURSE Sit

Ko e BE YIZREE RN CaniE NI TR EE R A5 (R~ 2 S R PR
Penn Treebank JEiE 40K 3K 4K 21.1 9999
Switchboard YE 945K 10K 5.2K 10.39 47238
Gigaword PUE 531K 165K 260K 10.79 5123
FR 7 AMSRN 5B [F 2% & X EE SEIG 45 2R
il Penn Treebank Switchboard Gigaword
LSTM 143.31 93.90 94.03
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LSTM-+JE & J1 0L 134.09 93.74 102.04
LSTM+iE = At +ic 12 BEp L] 133.36 92.49 86.85
RMN 123.32 64.41 121.28
RMR 134.30 71.04 145.24

R T B TARIBAEA R E RS E sl s
o SR HATH, HIRUIZRIAR) LSTM iE
FEA, SRJETE LSTM s imyE & /L s, nr
PL R B3 = 71 HL I A B 6k Penn Treebank  F1
Switchboard PN #4R AL #E H B, (HAREGEAE
Gigaword | (S8 3 8 o 1 HACAZ e Bt T &
PUHI R OCE 2, AR I OR G2 ) Mg

BRUbZ Ak, R H A 5 AR AN T
B ATWUHIE 5 B 4T R, B RMN (Recurrent
Memory Network) F1 RMR (Recurrent Memory
Recurrent) B%. AMSRN 7E AN Z51E K 4 b ik
FAW RMN AT RMR, (B2 72 O8R4 BRI R
TFHIROR . IXTTRERE RMN A1 RMR A AE S5 3
£ FAFBIIRAE, 0T o SCEE A 7 B R AR 1)
HiIg. Bk, #EHE AMSRN 7EA R RS -
IR —E 9T, (HRBEAR.
3.1.2 AAKMIZE RNN

Mikolov T &5 Ak fi] BLAG #2422 46 Ay 1 AT
B, 4RI T R B E R SCERER) RNN, 7R
I RLE PR RE I 1% OB R SR T RIRES, T —Fb
Kihdiz, BASERM LSTM MIEPERE, Ha
I 11 frios .

K11 B BT SCRFIER) RNN
X T AR AN 45, BoRAS hy R TRl —

I 2 (5 hy_y AT X AT R

h =o(Ax +Rh_,) (36)
HA LR SCRHERT RNN, 380 17— AN F3REL
KK RIRE S, -

s, =1-a)Bx, +as,,
h =o(Ps, + Ax +Rh_,) (37)
Y. = f(Uht +VSt)

XH, A, R, B, P, U, V &&445m
HERARMERFE, 0<a <1. 7 3REUNIER AL
B ERETRICRA, WTRMERTRAN 0 81
XFAFE Q RAE o, WLFERTIS 2t Z AT K AN

ZIRK KRR AR E s K=t -1 t =K,

Z A AL/ Penn Treebank Corpus 1 Text8 %4 52
AT, 5 FRUE LSTM A1 RNN HL#E, 5286
SERRM, AT DR B M D S N
BIEEE L S2BS LSTM A4 kB
313 M THFEAS ] RNN

FAREA S S HT B T AR Gl 45 I 2% T B K & ik
RINGA BEHEAT 2 ST IR, AT 3 B E
N, T C A2, 488 5 P Ao 22 4 28 T LA FE 40 ) BT 1Y)
s, FRASIAA B IE BT, LM
YR I LB A s A T 2,

(1) JuHFEIAFE

X T — M 2 ST 4, 30 A 2 ST (A5 2R R 4
L H/MERIEFIA S H 0. 15T o022 43 84T
%, W 12 Frn, 95 Bk R 1R R 2L

L(D;0) TE4c#s D={x,;}. , (83 51i p(D)
ARIBEE S UNOE S8
¢ =argmin, E;, ., [L(D;0)] (38)
E I 2, BB [N 5 B R B R AR I IE
FRRES Y, RGBT B X, o IR 0% STR AL %

PR SARSEIR AR, JFR A ) 05 A X A
TR RN W B 53 1 2R s AT 0 A eR (e
F.



eSSl

<:> I

PREEHR
FEA

4 4 4 4
(%5 Yea) (K Yi) (x,0) (%, Y1)

Kl 12 el a RS reE

(2) BIZ R R

IR B RAUE N ICAZ ISR, oA E ]
LI It G 08 A AT KR, FRE AN AT
i AR HGHAT RAIENZ, R Te2E SR D RE AT 1)
AR PR, P A LSTM sk FTsiR 4%, 1 i
53R MR R

B2, ARLGRIPE I R BTS2 551 1) 9 i
ERARIAER], BT S NAZ 230 75 240 3
VT 17 Il A e, BRIV 4 f /D 4 B U 1) BB (Least
Recently Used Access, LRUA) . iXAMEHf 4l
BETWHAEMAHEN, B5EEAHEIE RS AR
i FH B S A A2 . LRUA VEE il
FHRAZ B e g, DL AT NANZRG . 5
5 N8 E SRR DA AL E, R B il il
PER, ESANBREMHNME, HHRnTaeH
RIHE BAE N R R . XS N 75

S 4 5 A R W A
A A B . 7E45 M 2205850 B AT B A
W IRV T A WS WY Sk S 7

EV\/IU:
W — W W 4w (39
Forry AR T, w3

R K, FIAE A AR RERE M RS2 A L BE AR 3«

: kt ) Mt(i)
K(k,M, (i) = — 2 (40
CMO=pamar

T exp(Kk, M, ()

15
6] sigmoid B A B AT W it

A FTRUEE WY B, 5 S R

W' oW, +(L-o(a)wy, (42
Hot o RAERE 2 IR E bR RS Fe
FARCE W) 2 — M BIR R w () AT

Bw" PR TRE, BN 1, BN 0.

Hi Ja 5 NS AN i 4% 1 B K ok BE W A

M, () < M (D) +w' ik 43)

Bt AR B TAL AR E s 5
RGP T7 B o8, BCop (PR b IR AL 22 W

=
1M o

RIAIEZ 2 RNN 2% 3] i s B L] 2 —,
R RAF etz pL], K b7 5245 BT LS 201
S HEES, MIMEE RNN 223, Wang J 25 A 42
H T T RNN CAZ LI, — Rk
HBCIZ BTG, RS B T A7 AR A T
R, IR R R R TT K T — P R
SR FITE R T S S A g A 2 TR v
R 1) R RIVRE B Y 2 v, R DAAEAR A P B 15 L
SRR RRRSE 2 B8

bR T IR UM R CAAE, A R AT RIS S
FEMAEBI T7 3k A RNN B, DU 2 5] K
G 2

BREERMNWT: 4 H bR o0 Z5080 R Sl KT B
i, FET-10 B T 2R P e 20 D) 5% 1100 326 2300 AP g A
RESHEFIRK, WMESARRT. FImHER
25 1) 3% 2 300 AL R OB AR i L 2 5 S 1 0 3R
/N, DARE B fi 254 AR I 4332

BRI A TS, —FOE R RIESECE
2T, BTG E MW N A I SO

5 R AE S AR R 260, WTREIE g v g)

B g > v e
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1 (44)

o

oty 205 E S IR g K E RS,
BT 28 Rt R IR0 2500, A B A D
FETBIE o B T T & T REAL, T BLE —F
BT IR S5 ARIE T 454 250 3 25 B A 2
BRI TR, BRSSO 5 SR B
TR AT FIBAIE, 260 BRE MR, FH
S 1 BSOS T T KR TR E ARG
B A 1

e G516 BT B 6 7 5= 8 ) 2 SR
AR T T8 P SR (T BR T T A
THET U000 R ST R . EE T
TN, SR 0 5 LR S MR 2R
RS R B LA R 5 2, (VAR T
.

FEBTRTENIA B 4 05 18T 0 b 1
Vi, (R TER T AR SRR 2 R,y T AR
S 2 O 7502 5 (0 0 66067 0 4 00 9
FRHIE TR, 7T BLAE R e 3]\ S E W T 2 4
Yot L3RI e B K0 P R 0T 1 2R
A5, EVEAERR AR, U] R

ks R SN IENLI, A B RN, L7

S A A% % 10 B B OR R LY HOR N AN IS 7 bR O
), PHit Pascanu R 28 ABPHR 7 7R e s B 5

A IE AL T
e ﬂh(t)
%%(N h® L)W

WES \
%% N L

h
Vb
A8 FH 32 1 TR 0045 s o 1 0 A oReh i A b 7
o CRBERSEEIRNE) A4S, FTLLEEH N RNN
5 3 P AR OR R K BV L
3.2 EFLSTMH RigER

BT LSTM ¥ AR = BA G T iAo 77
], o3 il gk T AR A A Gk () LSTM, AR T
N T gk ) LSTM

W ALHE T CBE LSTM FI# LSTM PANET
LSTM gh bt By . J5 & 63 7 LSTM fEH T
LA 1 152 R B A 2 ST 1R 1 1 S FH 7 T P g A

ﬂ::_lj‘o

(45)

e

321 KK LSTM

LSTM #¢) 32 M T 7 I3 155 2 AL
ABliEF, B LSTM AE AN . —AN2idi2
FTHE S AR A MRS T RN, B

A N, MCIZHITTH LSTM 75 B2 AR A R 2

(e EANHOEO(ND) o 55— LSTM Bebifes

I XA 23T R B IHLA], A REAR I Hh e 7 H 4
45K . Atk Danihelka | 58 A $g 1 R HICIZ
M 4% ( Associative Long Short-Term Memory ,
ALSTMOPY 1 LSTM 5 42 B 45 6% 7= (Holographic
Reduced Representations, HRR) #H45&r, | FH4-
EXS AT A, AT RAFESE INAA0 as  B &
H bR R I R R A, AR 2 M2 S i
AR 2 ) I

HRR 2 [ K B 1) o) e e 3 e - %o
SRR AL I T2 o BRI RST BB B0 MRS SR
B BR/NHIE, BEH AR AT R R &
B AR R = (a [, 8 [2e"1,--), i

e B IR TR RECRVEGE E e

y=r R X = (ar [1]ax[1]e‘("" [+ [1D) ,a [2]ax [z]ei('?r[2]+¢&[2]) - )
(46)
S ERRE G, AN R X, X, % s REREA

HC=L®X +,OX, +, X, , & ¢ FRAILILIE
(memory trace). A T A% 55 r AT, #
g2 ¢ BT, AR T x KA I i
X, (I P I AOR
L'RC=0"®@OX+,®X, +I,®X,)

=X, +1," (L ®X +I, ®X,) 47
= X, + noise

FHEHIL R
Bk, TR 2= i, SR

ALK HRR 5 LSTM 454,



imaginary

hreal
h= h (48)

Hrfthel™ h h e[ W?2,

real ? " ‘imaginary

B, M LSTM kit JI AR, Jf
(RIS SORBRBE RIS HL R, F, S A0 R 8 AH 1)
T

0¢,Gi,0,. 1, =Wy +Wh, +by (49)

=W, % +W, ,h_, +b, (50)

E XA TR, R BB SN R AR A
BRAIFE O Al 1 2Z 1]

hreal /d
bound(h) = h /4
imaginary

(51
d =
max(L, \]h

real + h h

real imaginary imaginary )

el ™2 (52)

H [ZRIR X N TR BRI, o ZRIRXT N T3 ofe
e d FoRBERT 1, XA BT IH
—Ab. XA EF R BORS B R E u A

o o A0, A R R K ) (R E

u = bound(l)
r. = bound(r) (53)
r, = bound(r,)

Hr el ™ RENEE, MEARBAA AT
fde, el ™ R, XERIAIRE. R

W AT g, HEA 5T A RO
NT SRR, 0T SATRELHER L
RElA. MTEAEARY s ={L..., Ny JHA7

2R 51, R R B B AN 2 2 AL T A 12 5
gtk

17

P 0
.= (54)

Cst:gf oCs,t—l_'_ri,s®(giou) <55)

Hof, 1 RERITHHAG, P, e) W2W?

& AN IUE N HE B BENLHEIFERE, XRT5 s A
flA . @ FoRouamBHTRL, € ON:

reou= rreal © ureal - rim.a\ginary © uim.s\ginary (56)
+r ou

rreal ou imaginary imaginary real

IR R L S R

P 0
r,= (57)

e Ja I A B AR I E, R ENRCIZZE T
HIFIR SRR -

h, = g, o bound(

Ncopies
> r,.®c,) (58

copies s=1

322 FPRLSTM

Zhang X % AR H [ BEIR K 48 1042 0 2 BT
( Tree Long Short-Term Memory Networks ,
TLSTM), ZET LSTM TR F 5%, @itk
THAHRT (1 A5 RS e ke s SCA) 1 50 BRI AR
BT A P IR, AR ORI 15 A, iR RE
% 38 B B s e A OB TR PRI AR DG, i — 288
5% TLSTM [RZEARRE 17

BB E L AR D (W) AR
AT W Z AR AR, H R A b T A Al

BT . Wy ZrRER I 2, W, Wy, W, 5

H AR & LEFT 27 Wy 15— e (R 2 [E] )

. W, For W, IR, MW, B w, (390

NX-LEFT, i 13 RRPIAKE RS . FERHZL
1751258 A I %42 RIGHT F1 NX-RIGHT.
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W, W, Wi
NX-LEFT

13 e e R
B ER 58 S 1A= AR 0 2

FELERAM T MR PCS | T WIS T, it

HEH AT S B . SRR R S AR
PEA R B 1, s iomint T LA Bk 2
(breadth-first search, BFS) 1772\ H il FHJEE,
M ROOT 5 s FF o T [F— 20 &, et ek
T B R Y, RS AR R 5 AR A s
HAERE R B 14 B .
AR T AR AR (1) LA w AN ARG 6 45 R 2%
REMR T, A)F S AL ERMR T LR A:
PSIT)= ][] PwIDWw) 59

WeBFS (T)\ROOT

K 14 TLSTM #ER g5 #yom 2 &

BERIEER . AT D(W) Rom i<, 14

FKSTTHB AR, AP LSTM 2E47%% 2,
KPYAS LSTM 35l SRR O R B i3l (LEFT,
NX-LEFT, RIGHT, NX-RIGHT). 7E&ANZI,
MRIE AR LSTM, AR5 — > Bia] 1
N FEAE B T B s A, R AR O R,
AT LB AE XSS I AN s )it 72

Rzt e[Ln], 4 (W, z,) %5 D(w) iy

E—ATedH, RRUATY RoR w )T A S R
F%‘ ’

z, € {LEFT,RIGHT NX-LEFT,NX-RIGHT} &

AR N TS H R, XA LSTM
LM R R A W RIEEIRZS H, JF 208 I A 1

7200 IALERZ) LI, B H[: ] Fos itk ie

D(w) fyit SR N:

X, =W, -e(w,)

h =LSTM*(x,, H[:,t'])
H[:,tT=h

yt=VWm'h

o W, e 2% R i o B 1

(60)

W, e[ M seom e i i, Hoh VRS
P S BRI AN, s R BN TS IO 4ERL, d R

ML, H el MY RIR IS BORES
e(w,) 2w, A Er. LSTM RHIRE
LSTM MZ%. 7E t IZI, HA X FHAT— I ZI R RER

A, AR AR S h,
BT 00K e LSTM, 754 i 2

D(w,) 03 FARE 2 softmax i KCHEAT HE51
exp(y, W)

> exp(y, k')

W B BE ¥k TLSTM 2% 1 [ — 2
FEAHARZ T A AR, DR EAE s v 3
— > LSTM, WA )3zt ity BT iy, TRy 2 A4
B, Wikl 15 fios.

P(w, [ D(w)) = (61)



K15 ot Ja R SR B

JEARIGR 27 STRRAT 2wy, BIBTR ZC ARk aiRoR , T

DUARS /R ISR — A, HR A oy L i
HEREHTH

LV NIRRT F, K K(TE ] 20 1 K=3,
Ve = (W, Wy, W) D s IS AZEREANI IR D K IBRAS

O I ZEMIBIRTR) -

m, =W, -e(v,,k) (62)
g, =LSTM™(m,,q,_,) (63)
T B AT RS TR ALy
r= {We ':k(wt')} (64
h = LSTM®™F (r, H[:,t']) (65)

Hodr g /E8 RIGHT 141 LSTM B Ing N

LA I IR LSTM 7E Microsoft Research
)7 e PR AT 55 3R T 60.67% M HERRZR, B
T 57.02%#ERHZ ) LSTM, LA RNN Al skip-gram
AR M el 771k (58.9%), XK T H
A IFDIR LSTM FOPE A ZAL T FAd A AL,

B 7 FIRIEET LSTM ¥ R, Graves A &
B4 7 LSTM FIXLIA RNN FRIR A5, 455 7 XX
1] LSTM. XA LSTM fH—NIER LSTM Ffl—AN
] LSTM 41, HorpiE A LSTM AR S5 N7 41
I IE K H S 22, M S i) LSTM R 22 ST 3 N 81
(PR AR AR S &R, 1T ELAF— B 1 1) Bt A 2 Hax
AN LSTM BIRARASPHEM R, 200 88 7 A m A G
BRSNS

19

XFT LSTM Kt HH T2 HE B ) it 3 4 2 4 N\
JF51, BRI LSTM ()%t 3 2 8 T RS N A 15
R, ARAER AT SIS R R . FrEL,
B g5 N LSTM, {15 LSTM G&8 A 2R
R SCIAGEE S, FESEIR TR IRAF L L) LSTM B
U R
3.2.3 MTHLEFI L LSTM

fE4i1 LSTM FEALFE 7 41 SCAR R BA PR 7]
s (L) 18MZESE, FEICAZ T 2 ik R A R 5 5 4
WZARARAN: (2) iRk, B B RLS]
HEHR Sy N 1A 2 (A A LR R o X Rl A i)
A, SCHR[3914E 1 T ML e 15 vl A ) 2
12 W 4% ( Long Short-Term Memory Network ,
LSTMN).

Kl 16 LSTMN &K

LSTMN Z54 518 16 firos, Horb X s ik

N, RERIAE Ak AT — I 2 BOIR S H AdiZ i &

C..:

(1) 5 % & &£ B8 kB RS
H ,=(M,....,h )

(2) RR LA ANENICR
Gy = (Cure.nCy) o FEHIAIES— Btk AS T
A=A F) B AH KB

FE LI, @ NEEINSETTE X, 52
AT BT L] (R AH LR R -

al =Vv' tanh(W,h +W,x +W.h ) (66)
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s; =soft max(a’) (67) c, = f xC +i x¢ (70
gy s s ] AR 0 B S 5K
;EW%B% ) B A2 [\ & 0 H 38 MR h =0, xtanh(c,) 70
%ﬂrﬂ%:
ﬂ 1 h H 2R E 5 A EAE 550 I B0 AN 7 5 AT
L}:Z}?LJ (68) 15, i R 7 V02 A G D 25 - AR 2 284 o X b SR
C =1 i [BO14& H T v iAo TR AR R il 5 A5 7R
B )5 BT A LSTM & THPIRSS : (D) ¥R SR ZER) N 17 Fis, H LSTMN
i, . P B ACHRE IR 2 - AR 28 R 0 LSTM Aibk, 2%
f o ) T 2% FI AL 3% AR B @ BN B B = I ML
J = w-[h,x ] (69) (intra-attention) f) LSTMN. [FII, 4/ 28 K
! o H b B DU A5 FH 4 0 2% AR i B 28 55 1) 2 22 (] P AH L
t tanh VEE JIWLE Cinter-attention)
T4
PENIRES P2
(TR
PAETATE R B FtR
& &
/ /
ERER L) > REDERAERE | | BN | R
\\\\\\%M$mA K\\\\\%EﬁﬁA
AR T
B17 kAR ROR
U
AR TR 2 RIR
P &
— \\§3¢, R
RN > || e« AL
R\\\\\\%@%ﬁm\ K\\\\\\m@%ﬁw\//////ﬂ
i s
18 FmG AR R IR

(2) WRAEBRLH A 18 Pis, Kk
BANUGIA B EE AP E S, B

R . B AEN A=, ... a,],

REFVRNY =[1,..., 7] Horb m AR HIRG

KB, THEI 2t (e TN N5 51 18] B AR L
TER NI



p! =softmax(u" tanh(W, y, +W, % +W.7_,))

(72)
SRJE T H G N R R -

77t u t 7]
. | = p;- (73)
L‘t} ; J L‘J}

SRR P — A T BRI A 2 e
Ak
r=oW, [ x]) 74

H8 2 =24 iy I 2200 58T I PR A ik s 1) B ¢ AR

c =rxa + f xC +1 xC (75)

h =0, xtanh(c,) (76)

ZAALLE Penn Treebank Hiis S28E(T 715 5 &
BESeng, JF5 RNNL LSTM PR 2 ki) LSTM
BIRFAT XL, #3RAR T BRI L . b AE
Stanford Sentiment Treebank Z#E & 3#1T 1 15250
SELG, HIELRRIA LSTM F1 2 AN sttt il 77 vk AT
XTEG, SegR g AR, AT LSTM B4,
It H 580 R T-CNN BRI 2,

3.2.4 M THFEARZIM) LSTM TUAC M 2%

TENLER S 2 Tid, WD EFEAR T 2] 2
—ANERIPE . fEG . SRR |, &5
A B IR BE 5 2] T A A e WA IR B A
R ST INE S . S BITR BE AR I 2 7 =) B
SCANFER A A, i8IS 3 R AR AE BN 1L 12 M 2%
5 IR0, SCER[40]FR Y 1 B FXE/INFE A 22 2 [ UL
T R 28 A5 Y

RS FHAESHOT VMR R/ IR AR 5 2 1) ) R
BE—NEA K MR BB -5 FE

S={(x, Y}, i SIH 5258 c (R) X
REED] R AT K, BRIRIER Y . B4

S —>Co(R) My Bk B & % A & R %M %

21
P(§IR,S), P(Y|R,S) M & ¥t 2 2k
SHEF], WA TR A2 S BB
(1) MR

K
BONTARER] R, TR 9 =D a(R, X))y,
i=1

R P(Y | X, S) » SENZRH T 2k

A Cs(X) o Hrb, X,y —SCREF IR B AR,
asEIER I TR AL R EDNAFE] X A1 25
FEGY X FIULRCRERE . e ek a e R Rz

BIRRHIC ) softmax pi%, HHLEIAZHBEREA

- oyve K -
a(x, Xi) — (f(®0.9(x) /ijlec(f(x),g(xl)) (77)

Forp f, g A2 DGURE B AN 225 1 B R RFALE RN

RoReRE, AE BUGAE 55 8 VR BE G AR ) 2% S
B, fEESAES TP RIRIAR IR, ¢ R_RARLE
15, FIRVH SN R 51 A0 A 451 A UL R E

(2) MINGRERT IS

X SCFRFEEREAT RS R HON 9 (%, S) » HIE

J9RE LSTM: g(x,S)=h +h +9g'(x) - %A%
] LSTM BRI FHIN RS S RIS MR,
9" (X,) FEARZE 24 [N RES) X, 2R
H,
h.¢ =LSTM(g'(%).h 1.C ;)

_ - (78
& = LSTM(Q'(X), i, 6,)
HorrBagmty h FidiZ 5ot ¢, #2 LSTM (1%

H, RIS R R FESIN = S | .
(3) FHURERATHRIT
S F- IR R N BR S £ (R, S) i

FIHLHIE LSTM M4 attLSTM(,+) , FRUF:



22 i 'O

22 4R 2020 4

f(%S) =attLSTM(f (%), g(S),K) (79

Hob £/ 5 g R, RS LSTM
(M ARE 5] [ S HEAT IO AD, K 7R LSTM 24X 11
B G g(S) T MES S BIEATTE X, [
O\ %L

2ot KBS, RSWF:

A, G, = LSTM(f'(R),[h, 4, fu] 6 )

h =h + f'(%)

Is| (80)

1= Za(hk—l! g (Xi )9 (Xi)

i=1

a(hk—l’ g (Xi )) = SOftmaX(hII—lg (Xi ))

Hr, LSTM(x,h,c) i x 2%, h s
HERES, cRICIZEITTIRES. aRonEET AR
EREIIHH . A g(S) HREI R 5 h BIEMR
W, s P gt O R AL
LSTM % attLSTM(f (%), g(S), K) =h, .

3.3 ETMNHY RIRE

BT MN My s 3 a8 7 ASSu Ty
], o3 il dk T AR A A CSGdE ) MN, - DL T R
FHIM XSG ) MN.

Horp, BT RIRISEHISOER MN A T o 3 i
IRR VA - SN W E b e 7 TR TR VAL R Sy B S TR VA RS

(Dynamic Memory Networks, DMN) . #-{gic1Z

2% (Key-Value Memory Networks, KV-MemNND .
5 JZ18 12 M 4% (Hierarchical Memory Network ,
HMND A5 T = X 1 20 2 3 & 70 12 M 2%

(Hierarchical Attentive Memory, HAM) . Tfij#&T
J7 FH T e (R R R 0 3 1 R 1 KRR 7] B R 4t
1) MN. FH T MOCA B R Gi ) DMNL W
TSGR KV-MemNN FTFH T A % B 1] 2 52 ik
1 HMN.,
3.3.1 i B iCIZ M 4

MN ] Jr BR P AE T 75 ZEAE I 28 14 2 EadiAT i
B, ANEGEIIRAERIIGRIERE . KR
TR RACZ R, B RS 78 f 2 AT SRR
At BT, T 2 ARERT B ST
£%.

it 3] it 1012 90 248 A1 5 BEARY R) i N R AF At #E AT

BB ER T X, X R g, U O B a,

BRI BT 1) x BN e KN #s, IR A ik
NFEREASE] x A1 q RHFIER R, Wi 2 2 A3k i
HEZE a.

(1) REMHEL. fEERNE 19 fis. X

NHIET { %, } 68 R BN SE B AT 46, 53
FEI NG (M} A B g {c ) . T
PRGBS (M) 5 R ER u P
Bl IR, AR T
HIAR MRS py o RIS HERESR p, iz

Bt {c, ) IMBCRFL, SEHH IR 0, BRI

o M ERBEERIR u, A SECEEEW 3, 15
FWMbRZE A
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0 [ @% W |—| 4
PR AT - Softmax
W\%ﬁm/» ¢ it
Softmax
s A | i
HAHFE B

q

K19 HEBAIRERE

(2) ZRER. SFEAHKREEL, §
JER|Z ERAL, A 20 fror.

Ko BRI ATHER:, B R U AT
— g o FIuX (AT, Il EBUE H 15
HEIu

u“?t = Hu* + o (81)

R A A F R A, CE T

A{XF, AT USRS, L

RAIESIREUE 6l

FERRITIZ, W RS A A S T TR 4 )
CPNGIE AR K I A=y ity b BRI o
a:

a = soft max(Wu**") = soft max(W (0* +u*))

(82)
iy 1) it 1L A2 ) 285 ) 5 B AR (1) B 5 VA
B4R FFER (Bag of Words, BowW) : A

BITAORN X, AR AT AR,
MM TERR. BaXNFTH I AT
X =X Xipreo 0 X} - N JE B A BN

m =Y AX,c = Cx; . AR iR

IR A U= By, .

A B %15 (Position Encoding, PE) : A7
B SRR AT AN FEI, X AN BRG] 1) 1] )
o FEOAS [R) A7 B A B JE AT R SR R 45 B 4] ROR

m, =Z:j|j A o XEF R ADAZA AR A
IR Hor,

L, =@-j/3)-(k/d)a-2j/3) (83)

B, | R B A R, FoR e
JRAVFR AR, d RO
LG 445 BT 0E T, R T, AV

B LT, 7585568 52 0 77 5, A R ¢, R
3t

m=> 1 A% +T,(0) (84)

G =2,C% +Tc (i) (85)

FENZRIIIA], I 20 i 1012 00X 2% 456 T BEATLBR P2 T
B R BEAT VI, 38 5 i ME TR AR 2 & AL S AR
2 a (A A2 R, SR F 2 2] Frf AT
W, BRI S,
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ﬁe a
> O Zus
g ey
KT gy
o I N
ﬁ:

B,

Bl20 ZEHRAUREE

2 RILE R E Penn Treebank £ Text8 F, 5
RNN. LSTM FI&ERALZIREIAM 2% (Structurally
Constrained Recurrent Nets, SCRN) #4T 7 kb4, 52
e R TR, 2R PR AR BB T RIS
1) PR 2
3.3.2 4% B iC 12 P44

iy 1] vty 10 A2 I 4% 7 T 0] 17 B [ ARE 5 HEAT
Z ARG BCR, (2 AP BRI f 2 i 2
R EE RN H, BAETERE LML, B
MR B EAE S Rk, SCHR[41)42H 1 T 1% 2
Ui ic A2 4, AT DU A 2 U ) J2 s il e S AR
Z A P Rk S, AR B8 B A1 i Bkt
T AT I HE L 2 A g fE) A =X

35 B SACAZ 28 R U = U + 0N AR

ZEH— M, JE R HE I 4 E & B IE L]
BAE, NP R IC 2 g T, 58] TSR

U T
T“U") = (WU +by) (86)
u et =0 T +u*-@-THWY) n
HAr W D 2 B SE k 2 BB B 22

T, TYRE KRR,

3.3.3 FhFcizmsk
H AR TE 5 A EE A (1) K58 04T 45 #6 nT DAIE i

FRANFARY QA TR, I Kumar 8 A\$2H 13
ESTR AL R 0 2 S LT NG 2/ I IR i U
JRE AL I P AE AR B

A ICIZ MR A L RS2,
[ DY AR RS, sl 21 Fra

i idiz y %
A A A A
€« - e
By N SCAS P47 7] 2t

21 DMN Z5ig7m

Forr, iy NARHORE K B AT 55 1 R 46560 A\ S S
TR AT A B R o ] A HOH ) R 2 B Sy 43 AT
KN EERR, ZRRPALIB R SRt B
BT SR HOEAR A BT IRES o 1 Fad12
PR o v T 7 B e 3 R ) AR P AR TR L N
TEI P ST RE St M TR A1 b e r EE A STF O DN
L UARTHICIZAE B o BHRIEROTBISE A A
ORIy EP S ERS S CIRSS 8= SRR VA L BoihE ¢4 ST
LB AR .

(1) FNBH:

FE B RE S B R AR, f AT, A A

TP AW, Wy s TR DR A L0 (Gated
Recurrent Unit, GRUD X4 NiEAT9mig. XA
%t A X, BIR&S M h, B4 GRU UM
ARG E LA

2. =a(W9x +UPh_ +b®)

[ =o(W®Ox +UDh_, +b™)

h = tanh(Wx, +1, cUh_, +b™)

h=z0h,+(0-2)h

Hodh, o R x &L K & .

WO WO W e[l ™™, U@ U u el ™™,
U R— S RUILERAN %), 6 H GRU
BEHTRIRS IR AT AR 5 v h, = GRU (., h_)

(88)



NN A E T, FABEETHE RNN
AHEARE, GRU 513 2 {140 th & 104 %k

T =T,, SR READNEHE, £ c Rk

U SIRO5 t AT R. AR EA T
B, BB )T R — KR AR,
TR — A ARRRE, SRR

Btk A BB A R, SRR A K
Te ST T

(2) 1A
S AEBRSEAL, g B To A Fuia 1 ),
] RS TE t I ZIRBROIR A
g, =GRU (L[W?],0, ,) » b L A AERE, w
SNBSS ¢ AN B (1) ] SRR . ) BB
it R KRR SR Y 0 = O o

(3) BRI
AR A O AZ A, 3 LR T
BAEICIZ. AR AT ¢, BRI

q FISERTRIAEZ mTh . v S AL T R A
9, =G(c,m"™,q) AHEk L c, FHATAE, AT it
IS, BoeE L MEERA ol 112 m A
I R 22 1AL R G FROARRAE 1 -
z(c,m,q) =[c,m,g,coq,com,[c—q],[c—m],
c'W®q,c™W®m] (89
i AR U R AE ) = z(c, m, q) » & — AW
2 BRI o2 0 25 Skt 8 8 G (e, m, ) FROE:

G(c,m,q) = c(W @ tanh(W ®z(c,m,q) +b®) +b

(90)
IR R, AR B [ B AR 17 55 1)

& GRU MR ZORE, MAERmARSIC, -, ¢ b

25
fEFEEUERT GRU, JMITEH %L g, AT IR, 13
F| GRU 7 W H & ot H OB KRR S
h =giGRU(c,,h,)+(@—g)h' , Al 2 &% 5

A R R e = h}c .
FAEREEe ZE, BEHE RIS
m =GRU(e',m'™) . 4T, kikis)E, &K

£2n A m™ R AR

(4) [EZ&Hbr.
| Z R — A GRU W%, HIUGE{E N

a,=m™ , HAii Ay, =softmax(W @a,), Hrf

a, NER#E a, =GRU([Y, ,,ql.a,,) » BIHT—H %I
Frg . BRI B4 d GRU 1531,
SR ER Y, 5% %7 FIRER 73 A0 158 X

BREUE R R, AT IR AR RE NS, 1138 S
BRI MEAT B BRSBTS

%I AIZE Facebook bAbI Hidl & FHEAT T )%
SEIG, 78 20 R BTSSR T 93.6%11F K HE
., BLRG TR AL M 1 93.3% . i A iL AR
Stanford Sentiment Treebank (SST)t44E I 471
AT HTIISEES, TEAR IR AT 6 = 23 AT 55 R4 A 5
SIFATS LT B IvERE . BRIk Ah, ETE
PR R AT H R B SR VPl 1 2 R R T A
PERE, SZIGTHSRIN T 97.5%MIHERAR, Skt
BRI PEREAR Y
334 H-{HICIZMZ%

T SRR LS el SRS F (0135 1) R PR A, A
FARIRZERALEE QA 155, Miller 25 N T 48 H
CAZ L3, FE A7 (i A B AT 1 Sk A R B B
A FE GRS, BRSNS .

KV-MemNN [Z5 64N 22 fis, ¥ B3
EACEEAE A P 8- (Key-value) 7
gy, Hh AR I BE T (key) 174,
AL B T8 (value) 4. YRS DL o
HAVE AR BEAT ISR, 157 F BERLIE B2 bR I
ELiZiFuREsE S GHESN
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KV-MemNN 2 2 T3 21| 3 IR 18 12 X 26 45 44
RO (K, V), - (Ky s Vi ) 28 SCHEAZAE,

R RN Xo AR SRR S B 4E =20

j=1...,H
\al B S
A TN i Rk ER
a
............................... . ——ao -
IS R K —=0ky
""""""" ;”””f”" Q;. a
' a
(&34t Softmax
hhhhhhhhhhhhhhhhhhhhhhhhhhhh ranwss APk (K,) AD, (v,)
KRR e (K ) (K V), (K V) (K V)

GIERER R

22 KV-MemNN 5447~ 75 &

(1) BEFHESF (Key Hashing): HRIEHA
FED 10 M SRR IR S 2R S ) AR S R s, o I
MR g, B KANA N KIS T E

(Kyy sV )se o0 (K 5V ) S B S8/ T 1000

{14 0] 2 i) 22 /S — A
(2) 834t (Key Addressing): B} 77k 2%
BEAT AT VR o Sk HATR], $ 0] 3 Sk AT LA,

fif] Softmax eRECHH A MF AT BEK, 58 x
FIFERAE, 15 2IMEZ.
Py =Softmax(ACI)x(x)~ACI>K(khi ) (93

He @ & D 4EEEms ks, A—NE
FEd” D IR,
(3) {E 2L (Value Reading): {8 iEUE B,
AR Job St MR S SR AN SR AT i 25 B

BRI FE =Y p, AD, (V).
KRR T — 2R TERSN AR X 1)
FHIFILET R R g = AD, (X) , KHE IS 2% H
oS q MmEdmat, [EMART 21
0, =R (q+0), HrR &/ dxd 4ER5EFE,

FHAS | Ak (hop) AARMR, . HEX

AR, BB RO R . W R
AR OR R R q 9 B E R S bk B R

p, =s o f t Mm@ xAD, k,
Ja, £ HANBKBZ JG, v AR ]

o>
[aYy
=
EE

a= argmaxi:l,...,cSOﬁmaX(qL+1BCDY (yi ))
D
Hrpy eY 2EARE T Ira T Re i EiEs = .

18 F A2 XORAE A R BRI E, oA vty 1) ity 1A T I 1)
FERZI S5 o
335 RiCIZM 4

07 X 2% 5 EE IR K A7 i 5 P kAT 2 HL
i, THREEZMEIR S, Rk Chandar &8 A4 H 1%
T KNS ZE (Maximum Inner Product Search,
MIPS) HJILIZIEFENLH], IS T 70 JE L2 M 2%
(Hierarchical Memory Network, HMN) #7141,
0 AR DLy 2 107 SR A 38, 54
WBEAF T VEMI LG, SR R A 2 IR
b, TR G ING

5 MN HHEE, HMN B RSN A7 A A 13
BB,



(1) i HMN 1 90 EE B4R
B LGP S TeRES], HPRH T = FE s
A LI IE 7V

OFETHF (hash) 177 AL HE A
Bt, RAES A OC ) BT T 4T MIPS.

QFEETW W I7E. fEMF77 m BRI A id1Z
BT AE A, R ) AR ) T R AT
MIPS.

@FET KM TITE. BHITCRERZ MR
%, Fa 5 i) A 5 AR AT MIPS.

(2) EBUEH: HMN KN a7 es b
P B BGE R AIHLE], kAR
MIPS SiE¥EI, 7T LM A R 74 ) 2
SERITE T LR MBS [ N AT R S AH RSS2, HMN (1)
BB E ok 5 R SR EEAT MIPS, 1XFE MIPS
ioae R SR Ta U =S 8

HMN &2 T K-MIPS HIAE&: N —4l A

2 ={X0 o X PRI R B, K-MIPS () F Az
U argmax (gt x;, Horh argmax ) 23R K

A QT X BUR Ry ={X,.... X, FH AT
R y MR AEAER, q ARSI 2]
] m] B
HMN #2758 i i ] K-MIPS L A7 ik 4%

SRR U AAT MIPS. SR HUBEL{
softmax BEL, FERMHUD IR &R — 4 AH S
BT

C =argmax“h(q)M T’

R, = softmax"(h(q)M ") (92)

=softmax(h(q)M[CT")

Hh(g) el ¢ RHBHERR, CRRAKAD
MIP (B TLHI FARZR T4, M el " 217644,
N 2t T HIRICEE,  MICTE M ETHERE,

Heh M[ClfTiE C R IMERARH

BT BEMEL K-MIPS 82 1 Auvolat 25
R Y, S R A T A B A R H kS
FIIEAL K-MIPS J77% . 3T K2 Hua el MIPS &y,

27
AfE MIPS % # M i RARSZAHAE R (Maximum
Cosine Similarity Search, MCSS) |1 #i:

T T

X X

argmaxi(fl) ax% _ argmaxi(;) _q| ”'
X

= (93)
allx|

T B R X AR R RTEEUE, MCSS

5 MIPS SZEEA 1. LEAFAH H T AT A\ R AN B
IR, BESHE MIPS #2460y MCSS. EA7fiff 5
JeAA A [a) & B P AT Q PEANBIUR, S8 ) &
FIEEUHE, XAEELIE MIPS # i MCSS:

Q(x)=[x,0,0...,0]

(94
PRIk, AR A A g 1 MIPS #AATIX
FERIIE AN K 2R -

Q@) P(x)
[, [PCx)],

(95)

¥ MIPS #4609 MCSS 2 )5, AT Ml K 33
18 5 [46]70 |2 ZE S 1 J7 iR AR I DR AR sZ AR AR
R FRESRTIEERRE, FRERA R
KA R, Hi KRREROHNE

B, RXFINERGREELME, gdEh 2
FERRRE N BRI N 22, ITIRZM HMN BT RE
N FEPIZAS R, SR T RO =M i

(1) £/ K KR oo R 5 n 2
mini-batch H (¥ T 7 3 B W o XA AT DA I
GPU AT RFE R SR EIZ 5, tA B T i Al
RZEH R IRE -

(2) W TR 1), AU T B
BRI UANRE, B4R B0 i AR A7 AR
oA, RIE KRR, KRR AT A i
o

argmax"q" x, 1 argmax

(3) WA LIX G 2 @ AT BENLRAE, W inE|
K K AL
336 HET XMW EEEI MN

BT SCHT A B BRI N 48 K 2 /2 1 Ab B E K
IFEAE A BT IR, (ERAE RS I U7 IR R 25 ) b

B RZHIAA AR A1 BAT O(n) 15 iR 2 2%
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B, b on RAFRESKOR/N, B E S n
FIFEBIRT, FEHUT O(N) YGEH, XFEIIRCR K

K. NTHEREE, Andrychowicz % A2 T 02
HEREJEAZM 4 (Hierarchical Attentive Memory,
HAM) B, 3 1745 s 508 BATAZ T8 ) = XU

ALl ©(log n) B FEHHT Al d VT ], AR T

PRAEE RN BA 1 O(n) B2 A TR

it

HAM 8 56T SURI HAM e {2 AR
LSTM il 254 i, Wil 23 From . A8 (A7 il A2
XL, AR R S AR A A
MIEE, T AL A — LR B AR, XA Akt
BB ENCIZN S .

P

| LSTM LSTM

HAM
P23 HAM 7Y B A S s R

1 5€ 4 N P 8 X, X, L B R A

Yo Vool o 3EE X,y 1 {0,0F R4 b fH

M, FMAFIIKE<Sn, Hin k21,
HAM #AREETF-BAT n A5 | e 4 =X

WS, V| = 2n- L3R R A%, LT V

FoRM T TR, JFE AT I(e) A r(e) Fom i i

e MY s RN A A ﬁqﬂeiV\Lﬁmiﬁw,m

HAM ALK — YR FIVE B 1ML 5 LSTM 4
A, HAM GFELLUR I NEFE: BEAWIG . FE
FIML S B R R

(1) AR . 13 EMBED (X, ) K75

SIREIEAL, BEHN X, T4 AR
0. SKJEHEF JOIN [ R ifi_EHIAA L P #8755 51, 72
#5295 2 h, = JOIN(h g, ) -

(2) EESIHHIB . MAREE E L Kt
17 SEARCH #:4E, AN p, MZEHHER K
1-p, EEBAM15 5, 15 2)7FZ JIHLH -5 5

aO

() HH . A4 B ST HLABI 75 14 a A,
AFLSTM i, @l y, T 0,1}, Z:i¢ sigmoid

PRAS 2]y, MR AT

(4) BEHr. Wik 24 fror, XHERIIHLHIH-
ma BEAEH WRITE #E47 58T,
b T AR

RJE ik

24 HAM FHLEE i 2

H, EMBED £ "® B R%L, JOIN

& YH Y 29 gymk o %, SEARCH &
‘oY [01] f omk B B %, WRITE £
Ce N2 R R K. X PO WA AT LA

i I AE S R HOE T 4 R, B 2 = BN A%
(Multilayer Perceptrons, MLPs).

Y ZRIN A 5k 27 >3 2 N\ - H A A )|
G, B x, y AR, 0 Rk
HIZH, A FRPAT IR B 6 1 2 ) A )
NgFe . oy VA3 RER RS, SR y BYEORBUAR
/R



L =log p(y|x,6) =log (Z P(AIX,0)p(y| A X, ﬁ)j

(96)
A 40, Ak A MG A 4R 7 R
F=> p(Alx0)p(y|Ax0)<L (97
A

AT FH SR A2 2] SR 2 ST AUl
VF =Y p(Alx,0)[Vlog p(y| A x,0)+
A

log p(y| A x,0)Vlog p(A]| x,0)] (98>

B (8 SRR RIS T AL SR A AR S 40
i HH

ZAALG R LSTM /E #2310 HAM 5
LSTM st FvE = JIHLEI) LSTM 4T ELR, ik
B HERS . FIFO AR S HEAFIIRE T o SREe s
AN R L BE S AR K 98> LSTM TEAT 55
PEIRZE (ARSI 99%F% 2] 25%), T
i LSTM /E ¥ il 48 11 HAM #8512 (A 0.04%.
162 & A 5K EME T, BA = P LSTM
WIRE N T (RS AE REAED, M LSTM
PERFERIA T HAM R Z N 2.48%, 1fi H.

I 1] 52215 R A Q(log ) -

3.3.7 M RMUELZ RS MN

R RKFUBL A 2 RGeS, — IR A REINZRIR A
FEAS, DRICAEAC 2 P 8 A2 () ity b, T KA
] 254 SimpleQuestions, SCER[S0]42H T kA
X QA R

AT QA KRG ALFE DL YA :

(1) BB, 56 BT i 28 21 8 A7 IR S 2
Wi PE (Freebase) SEfk, RETHEE[HIZM A, LA
R RN A HRE 2 24 (Reverb) SEARIX =285
PERTALEE . HARPAT IRy =20

O i 356 B4 22 S B o SO AL & 24k S
KA RoM=7cH. B k MNRISLE

y=(s,r,{0,,....0 ) #m i f(y)el ™, X

NG R P SRR R I, T (y) s —4Ex)

AR REHE AR, BARRSC RIS 1,
X R AEA 1Ko

29
D5l g & g(a) el ™, XN, R

gt B AN R g R B RO 1, H
B E N 0.

Wik B FER IR y = (S,r,0) T A

mh(y)el ™™, BEfks. WRo MFSRTM

KA T RIS TARAROR, RO INERTE 22
e

(2) AR Z AR Tt 5 se gk
1, RIS IE 2 S AR SCAA I AR RBERE R T
1 S Bt P SEAR A i e R o IX BRI AT EAGE A
0% 325 K508 P I 2 E SR PR R 2 A ki o SRR SR A

(3) HyifEH. ZEiA B, it
PATNAF B, IR A1 2 B SR AF RO SCRESAA, 32
PR R B 2

N T G R FTAT SERBEATIT 70, 5B B
SRR A B — /N R S AR, SRR HEATAT 20
HAAPAT IR P

& Je I A T AT AT RER) n ik, K
TREAE SR n Tifi%, FHFEFIEERN TSI
(K1 n Jeifid. e fEmE s Fscikrh, RS
MARULECH n JeifiA R 2 Mk, KRR 2 %=
TR AP SE A

@ M BB A N W, e0 Y R

W, 0 N5 S5 10 808 A Hohe e 15 e 52 y
AHALEE , 15 ZIAEALEEFT 40
SQA(q1 Y) = COS(VVV g(Q)’Ws f (y)) (99)

Forr W, AT Wi 73 31 2 75 1] v 53] R R N

05 20 g s At 2 S A S 2R BRI AN LG
BRI B REE ISR y 7T, AR

FEREW,g €[] @MW) S geig AR AL -

Save (0, Y) =cos(W, g(q),Wsh(y))  (100)

K, BN FEW, FTW, 2 55 Z 2R b

MBS E. HURRIETHHE H A LR IR SR
FHABL AR L S
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(4) N IR . o R AR Ak P A L A R &5 1E A RH S R AR S 0% 3R R A4 «
R IR P Z S, IR (8] B SR SRS f =GRU,, (f, ]? )
RES, -
ZHLE WebQuestions, SimpleQuestions il f, =GRU,,,(f;, f.,) (103)
Reverb = /MR FHEAT TV, F45 8 Jeik i fi=f+f
AT LA (2) ¥H QA IS AL
TEFEME WebQuestions £ 4E I, &AL IR1S T RSy BN, FE R —IRE ORI —

SR AA (41.3%) M4 FL 1345 41.2%. {E
SimpleQuestions #a4E L scings R, sALHEmZR
LB 62-63%, IMSCRFEFLH)sLings RN, FF
HYH KY) 86% 7% E SimpleQuestions i 3 [ i 1%k
e, XU IZAR AR B S R BT HEA R IR A AL
. 7£ Reverb F#fR4E ERSLIG 5 R R, 2B AL
TR RS 2 67%, i oidt e Z 4 AR AL
3.3.8  H TSI SCA M RS DMN

DMN 715 5 AF 55 H A 1R 4 1 TN ok 1t 22,
Xiong & ANTEUEELAth X 17 B A N HRdE AT
T eGP, R EAEIGMRARC R FSE, A
TR REAS [R5 1) 8. DMIN TR0 50 RSO 1) 85
R QA BRI AL . ML QA i A5
BRI Sl 2 A

(1) XA QA I NEBL

DMN 15 514~ GRU AL B iy A SR I i
FAA], A ) TR I AR AR R BRR A SR B EX
TR, HiE GRU HEEIRMAA)TH LSRR,
1M A1) F 2% _E 3% 2 0] Be A BR AR L 1 s e 561 2% S
B ETFORR, AT RBURIRY GRU R H,
I Xiong £ H A5 FH 9 N A [R] AR & AR A GRU

AIFBUEERS: (M B gAY, 730K Rid g

BATAFR. B A W, W, H 4%
ik B INAUS BT gAY f

f —ZM Ijow} (101)

=(@1-j/M)—(d/D)1-2j/M) (102)

S, | R F 970 2 4R B L 45 51

B, d ZIRAFEN>ENRIME, BI2ER TR,
D SR ANRILERL, M 25 () R AL
BMABLEE: R 7 DL 215 2 A A\ Fe sk

Gt £, JEREFIRUE GRU, SZBLA)T-HL 8 2 JA)

ME)T . ALHE QA I AR AFE LR =AM

O ERFRFCIRE: AT VGG-19 #iAfY
CNN AR A AL -

O BERFAEHN s HEIN T — XU IE D)0 B
AL LR, R SR 78 DX AR AL 1) B P55 2 1) [
& q I SCARRF R A A A

R A Z TR H ) AR 17 B
BEERELR, PNy MAME=. Bk
i A EEE R AEL F, BRI G

52 F BRI GRU, FRAE 4 J i NS F

(3) BRI iTER
175 S 02 S K v R R AR N s
FI—"NFEL, AWM QA M NRBLER 28 B 1Y

AT F =] e By | lRE e miE
17 gl AL f Gk SR R S AL, F
it s f 5 R g B SHAIZ 2 1A 7% Bk
BTV, BENERI Q)

=gl f-m
Z' =W tanh(W ©z' +b®)+b®
. exp(Z)
=P
ZkzleXp(Zf)

2 =[F 0 Fom|

(104)
Mo, f R iAgs, mUURET I 2Im

BRILIL, o RopiBuarIEL, 9 Rnilstd
Al BB IR, TR .

TR g 5, AT ME G R RS s

0

SEFVER AP GRU SKEEEL I R m&c, .
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mEE oA kA, A% ETFCHE

<
U
@ »r/ LN
' » OUT
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¢ =" ¢ TR AU GRU M A
45 GRU BUMHEAFISIL, 3 IS AF HORE At

<

g;
m—>" N
j/ ' » OUT

K125 A£45 GRUBEARL (F2) SETERHH 1 GRUBR CH) KIXTLE

fEFVERTT of B GRU HIE R 1 Tu, , il
25 Fi7R, {8145 GRU iy i 1 TR B8 RS

hi :gitoﬁi-'_(l_git)ohi—l (105)

BRI R ARRIRES h B2 E P mEe, . 8
it bR S e ART I 1 A2 e m
FeFEHmM .

m' =GRU (¢',m"™)
H, GRU MlaaFIRS S B N R E A & .

o AT LU ReLU SR HrdiZ & m'

(106)

m' = RuLU (W ‘[m‘*;c'; q] +b)
by R EEA WESINER, LRI
BLW el ™™ el ™ n, RIS I T

AL

ik 41, Ramachandran 25 A% DMN i 1
PR, f&th 1 EhadiZskE M4 (Dynamic Memory
Tensor Network, DMTN) B4, py T34 & WLk 2
FELTR P RS A G, RO ) o 420 B B ) 5 1)
Setfil] e AR BE LA, FAEST 2 AR E R & . 1%
B 5 DMN ELfR, BEAHE AT SN EURR T 80%
DLk, 5 Facebook #H iy £ v ic 12 /4 26 AH L 7R
bAbI Hi#i g b RT AL AR 55N BN T 20%.

Z BB FE AL % i & ( Visual  Question
Answering, VQA) ##a%E FidkAT555 . VOQA il

(107>

i =AU R AT, B A HAD . Seah el
SRR, SRR = AN ) R T L e R R AR A
PAR S St ik, JUIOR A A ) @k B, B
ORIz .

3.3.9 MHTHAHHIARK KV-MemNN

Jain 2 A\ KV-MemNN R T2 #5475,
Kb TR ) B B (1 T S LA Y, Jain
F& th B AT 2 R A ANE 5 R B, B —
o i TRV A, HE U B N, i LR
FEC A R B -(E 0 AL B, AT SR AT A5 2115 SCHR N
23 8] f kg ok 2 P4,

TR BTt - R i A HESE . St 2% X 4% 2 =)
NERTN T 51 e S5 28] ] 7 K 8 ) I o, g AR 3
5 fRTD A% UAE S A o AR L S T B AR L
B AT A ARG B AR R = AN 43

(1) 4RiDastEd. EKEN T MY, 4

T 2 R AR B X =1, | i G e

SRR [ 2 KNI B R ORISR RS . AR PEAR
B, A CNN gifd s SR AR R &, JFHT RNN
G i 4 b B PR AL 17 o

N WiIEE ] e ™™, CNN 4 gss >
MWEME RN 45y D I B R SCRR I B ¢ &R
f:O0MM 0 F RNN Zifd #8420 5 b B A CNN
G Bt AR I B — WU RAAE,  FEREANIN (8] 2228 e
RAshe =g(f(1,),he,), BIEFE T AMEIF I

o FEORRFI RIASE R I, R T AR e 51k
S 0 ] R KR AR R SR

(2) B-EF#EH. - EHX
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(K, V), (K Ve ) LRATAZAE, BRI T
87 BT 5 S R BINE 22, S R TFESREG T CILLSTM
BRI SCAHER 2 IR0 52 B o 52 SURE (AN T k
EERGE e 3 - W

B (Key): ffifl CNN 4ifd3s, SIS CUCTITIR

_____________________________________ i X

0, PR 1) B, SR B RNIN 248 h

EIF RIS, BRES S BRI R, 1FRER

BRI R X Rk, = he

f (Valued: WFFRE—WIEE ], BT
By B AR AR SRS L 75
SRR ISR SR, = (1), 0t TR

L AT AL (K V) -
Ik BT 26 FiR, (I EGE
B B AR MO S a, o BT f

JH LSTM, LLRT— I 5 ¢, (K) 15
AR BB E W E L R RS
h = (4. (K),he,) , Herh £ AR ML 4 ot
B PR
7E t 1%,

IR q AL ARAD BSReORES hY, Fs 5

BBtk A& R B AUR A
q=Wh' +W,h; (108)
SR A T g AN 2] i ) ) K T X

IEVIHGE A (tanh), 52055 | AN ZIRFIE A & K
Y EPSERCTT

A

FFXm&EY, ]
™ fEFGLSTM
htd
-1

K26 BEIhbIEREE

e =w, tanh(q+U_k;) (109)
HAW, W, w, U, R 5%
e, softmax BRE4S 2EER 1A
HE2
N
af =exp{e/}/ > exp{e} (110
j=1
RIS BAE 515 B2 B OB X

ﬁf&%ﬁﬁﬁ%%%?mfﬁ?iﬁﬁ’U:TIF
R Lo E’Hﬁm%@ﬁ%ﬁ 17 B [ A
IR

#(K) = iai(t)ki,Q(\/) = i“imvi (111)

Forbt, ol R TR R A ML
GIA AR, A A B A S O R G o B SR
. BEERZCIZMIEE 4 (K) BT 0

BESAE, THCIZAERIE ¢ (V) TR S A

BT AN
(3) fRADBEDR, A2t LSTM, W]
DA KT Bl A i o R AT SR LSTM RERUER T

RNN A JEUIRAS hy 2 AhE R #ILIZ T e,

B 4 200 7 25 20 L 5 13 8
LSTM B4 =Ml T AT i) 24

I X BRI f, B3E NS S IHEEZ, ]



O, YA HLTL A7 B th IR S HORREE . S 7
s hy Ll RS, it softmax KT
0 7] O RE 401 p »

p, =softmax(U,[h, X, 4(V)])+b,  (112)

3.3.10 T AR%N A ZIEPER HMN
O AR F R Ao LR THERE, XA
ORI ERERE , SEARRE R — Yl (E

33
B PIESCHR[SB]IR 1 T 5 LSO R 20 R 1212
2%, i 2 T SE o) ) G A B ) ORI BRG] A
fili, EA)T Al as L AHERLER AT k Bt
1, X5 )RR SR A kAR T TR R, R
Be ) TR N BRI JAF il B T R L], SRR e S
i) L 5 A S R0 58 )7 TP AR B3] o i i )1 2
FHE AR R AN B GR] 0 R LA A S R A5 2 1
k= ST
5 R 2 Ky A 5 ) 1 Ak 3 EEASLBUAR B 3] 2
TERE AU, R R I 27 PR

EY
A
BT AT A M®)
K Ktk <
Softmax
p(S)
BT RAFE R M®
+

QT

/‘3—J %? ﬂ X = {Xi }i:(l,Z,.“,n)

|

TR0

K] 27  HMN B RE R

AT BRI N4 n M) T
X ={}oas o FIFLEL KD THE X 5 BIWLTE)

AT AT AR H M O F1E A R 4E 50 A 37 1) 517
WA MW o R ) F AT AR HOR R R
(soft-search) AT . T IR R, @it k
e KAk 7 ) A R R T REAT R, SR LR A
R IHURR G g B ) I R a2 . B ARl
%y [FIIT 48 52 2 1) T AT fids (V0 1 2 I AR R B 1] 2%
R

) AT HE B AT L i B 0 A2 R 4% 5 A
FHIF, S FAHAI A E LS S BT 2 HACH, &
JE 13 36 T R ATAE A HE B R F £ AR R R )

#i p® .

K BRitbAG: X6 7 G B R m — =
THE SR IBUE [ & o(S) FEATIAL, SRFE 5K k
5 IR AR SR A, SR ARA HA G L
R, R B RS A b, R T
R

B FRER AN XA GRU THEFT
FHA @ ={0}_o,. g PR, XT5H t ANHIA

@, » Al GRU M [al GRU 735 R H 4 i 45 212

RZ h =GRU(C"@) ATh =GRU(C*a) » HrEak

A YRS PN I GEBOAE,  CR R APk
a i n— 2 I ER IR AR . SRS KT GRU F&
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RS B AR I GRU Bk hy SR 518437 % o1
CAEAM™ =3, e Hm =R +h. X
BE, ACAZ R m oL T ) TR X R A
W, B bR

S 6 16 55 P SR A o=@}
AT X, AT RATRE S R G — R
B U, R TR WO R 012 T 4R
{3 o TERIXS TR, T4 7L 2T it 8
1 EERARE o™ ={a™}_ 0, o P
(113

o™ =softmax(v" tanh(Wu’ +Urh,))

Hopv i w

R FEZ IS4
#2118 Oriol Vinyals 25 \ff 771509, 16 i 74k

G U ? Y By

Wb I Ak A L fE e i
i :
p™ (w) =trans(p™ (®)) =trans(a™")

oo trans() R ox HBOIE 7R M R A

P

(114)

Pt s oo o = A A

P W) T | M im0 R R

NN RN 7 i BRSBTS AR
Ak A R B E N 0.
) T AT A T M) Ay ) R A R R

A P R 25 17 b SR AEER MY S ) p™)
AT LRI 2] IR M 28 40 A
p(w)= p®(w)+ p™(w)

Bola, MEATEBREE y SRFI 5552 2] )74
A it A A HE B R AN BRI T E R 0L, e %

(115

A XEE TR R, AT BENLEE BN B R E AT
PP,

AL BULE YA & o 15 His 48 BT & &
AR SS,  ALFE S B T S8R0 7 A7 ) T T
B, HicteM AT IR, FF H A b AU A
) - 2% B H RIS A FH AE ] i B AR R ) ) S
WL . SeaR 2l BN, AT B ia R EE AR B
() HMN - (R e 5 25 D TS ) 1
BEH HMN, 17 HLEA 18 FH P9 SRR B 3R A5 B 4
IvERE, MHAETREE /N T2 M2

34 HAuARIAIZIZLE

BT R0 2 X 4 SR AR R (R i PR AR A,
BHRZAER DT B O FCIZME i, X
L A TR S F 0 HE 1 B HATCAZ NS L AT 2 X 4%
() T AT B AR A L A R e 23 sk 22
WRZ% . T HIRPE R & [ S S 12 2% . A a1
SR PR A 28 X 8 R EL 38 5 O e 2 TR R L o
341 FEFKWNDIZML%

YN TAHE G NIT 2 S AN [T S5 I, s
N A2 BT HMER, i urlanello 25 A&
T EFKBCIZMNZ (Active Long Term Memory
Networks, A-LTM) B8, & & —Fhif sk 2 (1 508
SESIREAY, RN SRR A R R R 2 BT ST
NS 2 B OREROC R o B R B AP 42
4 AR PR, {8 258851 (Distillation Loss) P!
RARBH 2 1T 2 2T ARV BRAT 45 I 0

3T McClelland 25 A\ F2 Hi g o #1600, i,
BhWiE 5 (Hippocampus ) A3t K2 7 (Neocortex)
RORFFRK AN, PR M R, RtkRERE
WARISEHIAEE, A2l B RS2 RN
XU, DT 30E 4 5 HE 1 HE B ( Catastrophic Inference,
CD 171,

A K, A-LTM B (4 A R H A P XUR
GRRILEAR T8 . 55— 85 A2 B AR 1T
FEEE (ND, 15K BB BB A M BRI R 3 55
HIEAT ISR BB RGBS MY (H), 78
— MRS MIC 2 I IR, N BIARHL, AN
H s S B a0 AL AT DAZE ARy
N RIS e T 1A TR B S 3T T A N o

A-LTM 822 ] #2593 AN 52 2 st KB W
ARSI, fEREM, NEZEAE I, H
TEAEA R R Z AR A8 24155 Hbr sk E0)l
25 N RTINS G SURT MG bR %8 . ISl
N %2208 0,



TERGEGH, BN 245 Rt H M4, H
W28 5 2 s R AR R, o GO R R —
B, JEHZNEER I N RS . H 24
b R BCHAT IS, FH SR TN 3T () v 415 X2 34T
55, FFAL 256 [BIFEOL 1 T D AT bR 1)
REAES N gL, AHZKREEALHE YT, N
BA X F—X RO FEE RG], BEiTRE
IR 2236 R A S

R, A-LTM 22 2] [0 JBAE R BT 1e A2 AT
5T B L AL A REE R B — AN R E
R B AT 55 B fR . RItL,  anSRAE#T
2% ST N ARAS, SR A A,
A4 H PR RIS B N Akt
ITANTE . TEXFRESL T, SPATHIN /A (AR A=A
PIAFRE M, 242 LR Cauxiliary replay) AL
il

E SRR SIS INRA HAEH R RN
MEZE A0 P(y, x), BLFEALEHIE x e X AR BRIRZ)
ER B R 7 yeY o B AE k@ L B ML
w(x) X SRIEEWCRIEE S, FFRAERE M

BRI Z IR LR ¢(s):S > D HEAT Y. B

softmax B%L, K )n—)2 ¢° () H i NahERIMER

I e RFREE IMIEAE R x, SR IERRRIE AT
Ny RSN ZR REBEAT MBS o A A SR 1R 2% bR AL

L(¢" (3), ) B /INR BT IR FEE A 22 I 2% o 2 T B ) 2
RETS § o

XK B 1, i B ek 55
HAEF R ARG BRI P (y,,%) 5 Y]
Wt 2, SRR eI S S EAR I SC R OB
I P (Y, %) o PANIFIR RS A 33755 1

B 2 fa e SRR . BRE SRR 2%
N AN 1 S O B ¢ QR 5

f (W, W, W5 X): X=(%,%, ) Y =(Y,, Y, ) Fedtw
At 18 2 KBRS, w,w, RMILEE

s x BV RT3 B ARSI AE IR TA Ty, y, BRI
FiESHL

35
A-LTM #3255 A FRE & LR Rk
AR AR A, ] R«

(L R B LT (), 2]
T BL B R O AP () A3

fow, w; y Horbw,w RIGEE w),w) i e 74
A1 N(0, o) BENLIIFEAS 21
(2) R H AR H min L(f (W, W3 %,), ¥,) % 21

5 2 ERA MR A0 Py(Y,, %) FIBIE £ (wy,wi;x)
25 E LR P (Y, %) BIETRAEA P, (y,. %) IHIMA
flo Frh 328w, AR E w) =w, » w, 2% 2]
Yyst 1 it w, BIRZ IR, T w, IR

w) ~N(0,0) »

W, 52150 LM 2 HIEATS 2], Al
AR IR E S5 1A 2 H AR R B RV FR ALl
LB T, RIS SR X PIANME S5 (1 H AR B A -

min L(f (W, W; %), ;) +L(F (W, W,;%,),y,) (110D

Wo , W, W
o ) 46 H wg, wwy 3 IR N BT 4 A
N(0,0) -

RSB A5 L R AT AR Y,

R 52135 2 AT AR % y, I, W] AR 22
B IO R 2R 2 ST 4 R B AR 2 23 5 1
AT bRy, o A-LTM fEHZE MR, g &
£ 2185 LN ZRIORR E BEHUHT BB k2% N Bk 2k
127 285 1 AT IRREE y, » JXFF H TR0

FAY 20, ARSI HARR AU

min L(f (wy, wi; %), (W5, w5 %)) + L (W, Wy X,), )

Wo W, Wp
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W =w, w=w, w)~N(@,0) (116

Forb f (wy, w5 x) 383 LRI ZRGF 58T 5 o

25 N, ARG P BORBL L KIAT A Y, o

3.4.2  HIIHAHZ I L R AT Ab T B gAY

Colin Raffel 55 A2t 7 —Fhi& H TRl st 4
2% (9 7 AU R R oY, gk dy tn s 28 i
7Ny 0] LR 0 R A e AZ [l

TE B IWLHIE —Fh 2 2 7 71K IR O R 1)
Jiik, ' REMSATE AR AL AR AN [F] I [ADIR S 2 [A) 3 4
i . %2 T Bahdanau 25 AR5 0d, Al E

A2 AN PP A IRARES by 85X 5
ERAE e ERE, MR RIRS

FiLh IBRAT, FFRIERE BN SR C -
(117

Hrh T RIS, a, REMERA,

7E T AL

_exp(e;)

tj o~ oT—
a kzlexp(etk)
Forbaft A SIEH, FELE AT I

HBRRAS s, FIH N IR A7 41y B, B

FeFIE B

SRJE TSR I BRIRES P BT R s, IR kAT

e; = a(s.,,h;).a (118)

JER R, s, B TR I 2 R A s
E RS A 1 I

St :f (St— 1 Ct’ y’[— l) °

Bl 28 RIS E WL 44 R i
K EIRIERIHUBIREAT AL, W Fos, A

TE T 77 U AR R g A BRCIR 25 7 41 hy B\ R KR
a(h) o, AR FHEa . AJEHa fFAR

XS h AR, 338 TR EC
e EIRATBRE R AL AL, T B A

Y A R A C
:
e = a(h)a, = OEX&,C: q ah (119

a .,exp(e) =1
Hrpa Zxsres JF BRI h o (TR

JIRE a tHRCIRAS A hy 1) B SRR, 45 21

NFEF T 2 K BE BN R g e o (AR
IR AT DA BE 55 B 18] 4 B -5 22 T4 H S5 AH G 1) i
NFEFIREAE R, RIS AY ] DAL B nf AR K 5 e 51
A 8

MFHACSE T Wiy, B LS R
PR 2SR AT U F P S a4, 1 T A8 4k
I, T BN AR s R AT SR R VR R T RR
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()
I
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1
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7T Q&

U A AT X, > HHREIRE N



h = LReLUW, x, + b, ) (120)

HepW, fiE P2 b,
M AE LB R g, Horb
LReLU(x) = max(x,0.01x) .

D LReLU(X) i

4 x5 Ech a(h) = tanh(W, h + b)) . R

A0 (104) 5 BT 3CEE ¢, FHtdh iE ) E
S:

s= LReLUW.c+ b )W_ % " b, P

(12D
%Eiﬁﬂj y:

37
y= LReLUW,s+ b, )W, 4t *°b,

(122>
IR At y 5 PR A~ 07 1R 2 ik
B, A adam HIEREEEE T BREEILIL S
[63]
3.4.3  Af ] HuFERERICIZ I s 22 ) 45
Gulcehre <5 N$2 tHFF 51 8 & H 3k R A
( Temporal Automatic Relation Discovery In

Sequences, TARDIS) #&%, $2H 7 —Fgrliciz
38 5 4o 220 [0 245 %), 30 3 R R o P R
RIgem, SH2S 5y 2] P A IR I o &R o BRAY )
5 i) 280 25 1 BRI IR R M A7 0 B A A7 4 3
H, FETR R EHT T . TARDIS [ PIA7E N Bk
E s LR s, A B TR B A R AT [
P2 .

29 TARDIS &R &

TARDIS {450 29 Fror, 52 HATSMEAT fif
FFE M, (IS AZ 3G sl 22 0 2%, £ RNIN F2 0 43 2

BRI Wy, S AR M s IR AT B S )
L=(M,)"W . TARDIS f4% Hl %K1 4 AT etk A 1

SRR S AR M )] =W, h, .

FERRANI RS, 1283 IRIRES hy BUR T MAE
fl e B N AR 1 SRS X AR — I TR 1

Betk&h ,: h =g(x,h,, 1)

7 5% P B A B T AT e T FROIR A I R 1k
WS, R 2 S A, 38R FEUIR S
1 BE T LU R I 8] 1) AR B 4 (X — b 77 2

TARDIS SEHLHLH £ ZALHE T HEHL A2 25
D)FHCE (B
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FHHLH: TARDIS IIAAGERFE M ELAE A
T%ﬂﬁ%ﬁAi;“ﬁW@%ﬁqiim’w

AR M, = [A;C,] el ) 7 ke H

ik e B ] 2 g BR[04 1) 4% T B A
Ak AN A ER 7, (H 2B NAF 4 1) B BT
I

BB W) 2 2 R A 2R B
z[i]=a" tanh(W,/h, +W/x, +W/ M [i]+W,/u,)
W, = soft max(z,)
(123)
Hofa, W W W, W, 2FE¥INS

B, BRHUBCE wy 2 M W SRR T arg max W)
BV RS o X 2 BT 212 i s U
SRAFH A1, 53U,

t-1
U= norm(3 w)
i=1

(124)

[ 5 U, s U7 1) A7 3 R A e AR, 1]
DL B R AW 22 7 R A AN B T AT R A T
Ve Wabrit:

TARDIS #%#132: TARDIS ffif] LSTM fF Hiz
HIRE, JEAE AR R U A SR IE T, R
FE I Gumbel-sigmoid 4% B8 K, 45 2%

LSTM 4zl 5.6 ¢, BRZ T T
C = tanh(ﬂtWhg ht—l +Wxg X+ atWrg rt)

C = ftCt—l +it6t
h = o, tanh(c,)

(125)

Horpr 0,0, 70502 LSTM HIIBT]. HIAT]

R, a,b REEITORLSE, kb

IAF RS AIAT— R AS O3 BN LSTM sl o
SEC, HIRLIE .

P il 2% AT DLIE R BB S NG, Al
R, RRRN A HRAOC 2
3.4.4  FTRRE R B SRS AZ M 2%

A2 3] ] J 0] B2 (AR S5 I, ACAZ 48 T LA 2L
b EE AT 2 A HE R B AT g M . Sarthak Jain $2H
(2 ST AZ R 6 00, BT LM IR v R BT PR A
KSR 2 2] [H1 2 )

TR BER 2T, T T N iR 1k B
(Freebase) HEATHSLHEHL. K BT A o] BE I ) 8
il 5 0 1 A S AR ) B AR FREEAT UL IS, R R 5F
A VERNS— n g6 (n-gram) R FREFIE) n
TCHEE, B HR IR —1E X S A S S
IEIE v 71 3 e

UL L T B 2 S ) LA THEZ AN
— AN PR R . WIAR TSR R A i S S B R
] AN, R B s 2 SR N
i, DM R PE SR T AR R — N B R AR

Hop, SRR E RN

(D FEFIEF = {f,L, f.}, HbEA®
s f g2 (s,R,0), HH R ZX:/ks Fixf 4o
Z AR AR )

(2) g AFRgl | 9.

ST —AFHEE I F, rEErIEa—ikr
SEg(f) MR —1tbrysrEeh(f) o AT 2 Rk

g(f) F 5y A F ) B R ON 3R s AR i TR R

q' =(s,R) ZmMkLE g(f)=q" (s+R) . i
FEAZANERTTA, M EEATHALLE -1
18, #JafiiH] softmax E#G 24 —A4 73 h(f) ,

H—A 7 Hh(f) REAS S HY 2% A S S2 ) B 2R

i
R JE R P H Ry s o F LA R



F={f,L, f }MIRIRARR], AHUF=

}f:

(1) FEBE. EFDBE, EFIER
PR RRIT S LB BN S, FSRAE BT AR KK
45 L[ 25 RPN, T AR 3R i) S ]
HTEPNIEEE Sl

(2) FBHBN. Kzl f = (s,R,0)

PR A7 s
q'=q+ > h(f)(s+R) (126)
feF

(3) BRI, MTFETHEEf gL
SEAR O, FREVRE A S BT S, AR s
f 14T 23 BOK T RME, WP R I Fse sk F

o AEBUE ISR SRR @' &
PR — R s, RO T — AR B H R
PRSI o
o Y pR BRI — IR TSRS 0 h(T)
SR R 1920 I SIS SRS AR A
NG RE T, T AR 10 2 i e 12
2% B/ MU R RO -

2

L
» n A
Lo, = 18 —[|F.|iEa- A h(f)o
(a,A) n=1 ahiA f F,
(127)

(9, A) 52 125 Al LI 254k D i i -E0,

g AR, AREE R IERE R RIS %K.

NFRIEMZ R N MEEZE O LA
J2) e AR MR G E FIBIR A Gk 0

g e RIIR AR, JHER h(F) k.

B /IMIZAT I PR B2 SR [0 2% A il BT D 1) AL
[l AR, SR [P ER AT 2
3.45 fFfili 1o R 22 f) 4%

56 FH P08 77 fi s 8 S PR 1 22 W 2% T DL 22 2] B
RAESS, (HAR T AL IR, R T 12 4%
EHIVEE . A, Rae <5 NS — R 2w 1 T

39

Tl N AFT 1) 7325, RO BT 15 19] Y A7 (Sparse Access
Memory, SAM) [,

XA N ANHIE G, SAM BERETE

O(log N) [ ] & 2% PESRAT A ) 10 D e, A

M O(N) = asedigliate, SR 5 H 00) 1

2l
SAM BLFE . BHAFEE R = FEH ).
(1) BEBL. HiBi L U1 8 SO TEAF it s
1 52 B (AT S 4R -

K
F=> W (sIM(s) (128)
i=1

Hrh W oA setk, @it s, L s, #HTRS,

S I ) B
ST EERGE T A AR TR WS, R KA
RNAFF LI RN 0, KAERKE 72730
B2 ) et g B K AN e #3043 AT
(Approximate nearest neighbors, ANN) J7vkkit

FW .

(2) A, EANBERERERAR NS
—E B AT SR, IS N e AT A AL

B, SR B SO SR AR A B A s ] A
BB E A

V\)tN :at(VtVVtFil_"(l_]/t)ltU) (129

ooy, SR S R 1B, o BT
NITBH, WR RN IR IR . il

il (23] | AE BN AT BB N 0, ARV
B OREA KAAERSAO 1, B5AREREMR
(0. 10 58 SCATFRE A b B ) F R AR B, 24 B4 i

AMEU &b 1, HAREin 0.
BRI FELAT PR 3L, B — Rl B
e ) S kL A <
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UPG)= § 17 W )+ ()

(130)
t=0
S s 3 S
Ty e LN

U ()= T- max{t:w" @)+ w(@)> d}

(13D)
Hrd 22— MNMEBESH.
(3) FHIR. EHARMHEHMR)ZE LSTM 23,

FEREAMN Z1, LSTM H N X, AT — I 221 152 B .1
Nyo SRJEIERE 2 2 A B T A 4 U Tl 1 52

MEANZH AR p, = (4, 8,a,,0,) A)FE,

2 I 2 A A A h B 3R] 1 5 LSTM )
[ EERIE G R, W 2R R H A R
H Yo

3.4.6 LIZIEBRIIFHEE B R AL

NTM SRS IZ R A e 454,
RAT AR A5 B CATRI A S Bk o (HR A7k A
TRORI, BRMELIS, &S lE. Fit Zhang
SN T ARF B ICAZ 3G 55 1 42 B R ALAF it B
MR e A 1] Rl

T 5EE L T AR AT W O S Rens
P 98 5 N BB i ds, WA “32
77, WRAREMIFRA “Ba”. Zhang T 4G
NTM $&H 7 =F A8 4k: NTM1. NTM1Ff1l NTM1,
ARSI El 30 Frs.

NTM NTM1 NTM2 NTM3
ﬁkiﬁﬂ WA it N i VN
[LST™] [LST™M] [LST™ LSTM L1
LSTM L2
\ 4
[ M ] [ Mc | wLl | [wL2 | [r
M1
A 4
M2

30 NTM K =Rk gt =

(1) NTM1 5J545 NTM AHEE, 3600 7 %4
fafifigas M, M Aszasfilagissz s, mes

FEAPMEIE M A, FAfPiEEe M, 45 A 2 17

FAAERPEAF R M, ITTAEAF fif 0 S i A 1

W, B ILRRRES . B2t NTML 95 i 2
He

M, (t)= h(M_(t- 1), w(t- 1),c(t)
M, (t)= aM, (t- 1)+ bM_(t)
rit) = w, ()M, (t)

M, 76 t- L0 ZmIT S Sk w(t- 1) S, AR
t EGH 220 0 95 1 S T K B B A

(132)

M, o SR 5 BT IR B AT fi 45 FH ORAE I 18] £ A i =k

r(t). Jobo(t) il s, h RSBy
e S DAL R, PRSI R N 0 2
fib. afib RAFEHRARE, I HEMM, (t)i%
.

(2ONTM2 FIFEAEF T #6558 M, FIM,

I BN AR M I 5 A5 Sk w, FE
P BB AR L, SCRERTANE ik B A A e
AR S Sk Z A5 . T LM, LS Sk w,



5 1 M, B M, RS Sk w, SERE S R4 NTM2
B 5 1 R
M, (1), W, (t) = h(M, (t- 1), w(t- 1),c(t))
MG (1), w, (1) = h(M,(t- 1), w,(t- 1),c(t)
M, (t) = aM (t) + bM, ()
rt)= w, (M, (1)

Hrp, M FIM, 22 HAH RS2 A o), |

(133)

BAAFRREANE, MM, f7 a5
(3) NTM3 SHi#FpAE, M 7=
fil#e, I BB EEf g E S ke A, 5
ANBIANFE I g . IR ERAAERS 2 AE s
G SRR A 1 S FE
Ml(t)val(t): h(Ml(t' 1)’WLl(t_ l)’Cu(t))
I\%)z(t):WLz(t): h(M,(t- 1), w,(t- 1),c,(t))
M, (t) = aMig (t) + bM, ()
r(t) = w, (M, (t)
(134)
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P (A2 AR K2 LSTM (1% Hi 4257
BN, T H AR 2 S N . X R H
(s, BAHIEE LSTM % vl M i s — 21
ye i N YA
35 IMNESSH

AT FENHE T HFACIZM S Y AR,
EATSEIHCIZ NN T, XA [ (12 R 45
HBEAT T VEAR 2 R LR

XA R SEFACAZ I T A LN DY d
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FTRHCIZ T TR S B AN as . TR I,
G HALAZ 7 I R o R R sk 8 Fome
i, N S 2 AR N2 IR A FH A A i R A
B ECILIE R, 1K R NN A 48 I 45 R e
BT, wrEEfksR, BAREGARRFZ LR
AT UL HAh SR R 22 R 28 456 o TR T JI AL
A AR R, KRS EEZMME
WSR2 &, EER Bk LA 2= S A, FH A
2 (N FH T T

8 IBIZMLRY RIZE

iefz 77

fi T

RNN Aif J5 #7122 7075 AL i8 (5 5

LSTM 3 1 TANEAZT]

AAHKHHLAZ1 RNN
ALSTM. TLSTM
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SMERAEAiE A%

VER MU

FT NTM FHCIZ Mg R
AMSRN. HAM. Rl A2 44 i3 i ) b iy

4 iB1ZMR R

0L W 28 BRI R TR AE WA T T V2 1
iR, FHR S A AEE T BARE S A T
MUALGE . B A, A 1R 2 78 H A ATk r B
EL RS 22 AT . bR A A 2%
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W) & 4F5%: Jason Weston 5 A S #] 42 thic 12
P B T 1) R A A 5%, Hoh K2
HUR PR, 58 5y Y SCARAE S Il /[R5 . Antoine
Bordes % A TEULIEA F AR T SEER A IBTT, $RH T
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WebQuestions JEAERHR 4 Fk 2 i =y I VEREFE AR -

Samothrakis & AFEIC1Z W 4% B Bl B g 1
oSk, A R A R e K R BCR SR UL DI RE, FR
T UCHRACAZAE AR, T 17 ik 2% 0 10 Rk AT
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ifii Sainbayar Sukhbaatar 2 A\ fiEdk 1 ic1Z /2%
T B SRR S AT B 2 ST B R, B T By
RtV S I TR vA T DA e
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BUA B3 BT 12 0 4 HEL L), T Dl e S 2 S8
ZHRBAE KRR, LLTERL QA 15

FRAREIEEE: 100 B ic 12 4% ) itk |
Huang £ A 31\ T 20232 LYY, # twitter <C
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BRSBTS



42 VARG 1§

22 4R 2020 4

BRI Luyang Li 25 )02 M4 5 A T
FAE RN, AP BT A e R 2% R S A5 1A 2 X
ZERE KT F— X RIRER N ENRR, X
FHAEAZ AL R 2% 2 U5 B TS, s BAE TR
WAL FHIEAE S

HLE&PYL: Jianpeng Cheng %5 A% LSTM H T
PSR, M2 B A b B S A 731, it i
AR IHUREAT R E . FRilid v 5
175 B Hr AT SR T8 5 I = AN J T ) S 56 2% W
THR A RIHLAR D AR 1 1 R S I BARAE M Bl
B

HL#$3 /% (Machine Comprehension) % i) 5 2
HARE 5 A EE AR ) 8, Pan 28 ANFRH T —
FhZ B CIZME, T HLas AR5, i
TS FH 2 2 N K 9 B SC RS, S B4 1 DL E

(Full-orientation matching) HiciZ 4%, LL3kAE I
N OCRH R AR HOR R

BN : Hamid Palangi 25 A0 LSTM I T&
AT AR RS, B E OB R, B
FHIREEAE BN B — MBS s, S
I (B HERS MR\ SR F 45 6o U ABE TR Xof g
FRAMRGEEE, mHSA R ITEE 5 RCH R
SE HISRBER o KR A T Web SCRS RS R, RURBA
BT FIRANE R JT .

A3 T SRR 8 7 B8 1) B s R
ol TR TR AR, A A BLA—A
B UMRER I S s H— Nl R . R, Sun
J BRI T — PP T A7 A4 25 00 5] i N SRR
7380, SR N R 5], R E R
BRI N R, Befg ARG A BRI R SR
B o ) B i N SRR

WL2s8Hi%: Mingxuan Wang %5 A\ 5] A 4hEBiCAZ
BEIRI RNN ARG a0, AT DL 3 3R 8 PO SR 1%
1R 55 (1 R o

APLXFIE: Ganhotra %5 A 7E vty 1] v 1042, WX 25 1)
IR E, SR T IET AR A BERIZ T, 1%
BRI IAT )RR SEARAE N S B0 iR, ZEXTHE AR
g, WRIREERSREUE B, A TE RITES, MM
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JRFFHER : Huang %5 AK RNN S58E-{Eic 12 M
LR RNAE — D, A AR RS BRI R - id 12
LRIKE LFRIRAEST, SE BT AR ST, %
I A RN R AT B SO 7 A i 7R, IR
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T 5 EUG N A EERAISCERIR . IXFER
BERY AT DL U (AR EUR N 2%, 7 & Fh R SR 4
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SR ESRE S SOR I, I B T DU 2% 1 [R)
BARRR, SLIIAN B SRR DI6E .
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i DU 0 T B A2 2% BE SR B 22 AR IE

Bornschein J %5 A K102 W 2% 5 A il U Y 25
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Background

Deep memory network is a general term for
neural network models with memory function, which
is mainly to solve the prediction problem of
sequence-dependent dependence, and can be predicted
by memorizing the effective information learned
before. Memory network usually have independent
memory modules or other structures capable of
memory function. The former stores important
information in an independently readable and writable
memory and reads it when needed;while the latter
method usually modify the internal structure of the
cell to retain the information that needs to be
remembered.

Deep memory network have achieved
unprecedented performance in a wide variety of
different application areas. For example, image
classification, face recognition, human-level concept
learning, playing Atari games and AlphaGo.

Deep memory network combines the benefits of
memory network and deep learning. On one hand,
memory network has a wider scope of applicability
since it can enhance the memory of the model. On the
other hand, deep learning can extract a good
representation at different levels of abstraction, which
disentangles better the factors of variations underlying
the data.

In this paper we aim to survey and place in broad
context a number of issues relating to deep memory
network and compare the advantages and
disadvantages of different memory methods. For the
most basic memory network models RNN, LSTM,
NTM, MN and transformer, we summarize and
compare their prons and cons.

In this paper, we give a systematical survey of
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the deep memory network models. We point out
different memory networks, advantages and
disadvantages and their specific application scenes.
Finally, we give a discussion on open issues related to
memory networks.
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