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Memory Network with Multi-Head Attention for Chatbot

REN Jian-Long'?, YANG Li"?*, KONG Wei-Yi'"?, ZUO Chun"*’

(Laboratory of Precise Computing, Institute of Software, Chinese Academy of Sciences, Beijing 100190, Chlna)
(Umvers1ty of Chinese Academy of Sciences, Beijing 100049, China)
3(SinoSoft Co. Ltd., Beijing 100190, China)

Abstract: Modeling and reasoning about the multi-turn dialogue history is a main challenge for building an intelligent
chatbot. Memory Networks with recurrent or gated architectures have been demonstrated promising for conversation
modeling. However, it still suffers from two drawbacks,.one is relat'ively low computational efficiency for its complex
architectures, the other is costly strong supervision information or fixed priori knowledge, which hinders its extension and
application to new domains. This pagerkproposérs an end-to-end memory network with multi-head attention. Firstly, the
model adopts a methed using word embedding combined with position encoding to represent text input; Secondly, it uses
multi-head attention‘to capture important information in different subspaces of conversational interactions. Finally, multi-
layered attention is stacked via shortcut connections to achieve repeatedly reasoning over the modeling result.
Experiments on the bAbl-dialog datasets show that the network can effectively model and reason for multi-turn dialogue
and has a better time performance.

Key words: chatbot; multi-turn dialogue; multi-head attention; shortcut connections

O FEETH: T EREEGE A FE0 M S TR T (XDA20080200); F 5 & S & i1 (2018 YFB1005002)
Foundation item: Strategy Priority Research Program of Chinese Academy of Sciences (XDA20080200); National Key Research and Development Program of
China (2018YFB1005002)
WCAR IR 8] 2019-02-27; AEEUN []: 2019-03-22; K FHI 6): 2019-03-29; csa #E £k i I 6]: 2019-09-05

18 %i&-£5ik Special Issue

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/7057.html
http://www.c-s-a.org.cn/1003-3254/7057.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007057
http://www.c-s-a.org.cn

20194F 55284 %5 9

http://www.c-s-a.org.cn

i H AR SN A

ke, AWl T HIS E R R AN S22 T2
PRI B BRI R AL AR A AR 1S R G T A5
BT WINH, ansE R Sird, 243K Google Assis-
tant, ] L L R BURS R, N KN R, H RN EEAE.
FRE P A8 F = 1, R LEs A AT BAZ3 P Fn, 1) H
BT 10 0 R LA N, B B 28 B A P 58 B an
WEL TR, PUE SR eSS, 2) AE EARIKSI IR
MLEEN, B 5 AN BAR A & S el 2 AR AR
TyRe, B AR FF T80 ) 0 R L2 N B AL 38 . 1%
GRS R R K Ze i et ani&l 1, A4 1) 15
U 2) HAREF B 3) RS ERE; 4) R
W& 2% 215 5) HARE T ARG 6) SUARA TR & LA
g3, R PR IK G B AR AR A0 R AN (1) B IR E

LI R, RN G A B 4 %5 P 43 355 T 5 5 R ) Je

U, T 5% 32 R LA 407 A 2 N T, Ry -3
(1115 5 4 M 1 T AT 28 (2) SRR PO BB, 44 7
G0 135 AV R T DR, 124 3 e — AR
{52 PR SCARHEAT VI 25, 9064 W AR 4, 75 25 T 4,
i 35/ o L 7 B K A T T M R 2 5T 40
S KK AR T 250018 R G50 % 2, oo 3 )

A B, S B35 1077 AN 7 22 TR, I HAY
FE R AR S A% 5 o B, AR T A 2 — AN R A AL
e NATSER T W 55 A AT AT 22 58 A0 T AR 1 1) R, 7
FENLA N FER E AN RS 1R R R B S 1 45 2 AN
WG AR TR U TUAR R E R R A

(A J— mE s —{a i g —{inR ]

(it Je—{scacttin i e hin s l=—]  fme) |
B 1 fegiiiak Batn i L i

PG 25 245 '(Rzzcurrent Neural Networks, RNNs),
HAARAFEKEHICZ (Long Short-Term Memory,
LSTM) VR T 53R 11 22 2% (Gated Recurrent Neural
Network, GRU), 1 Ay i ) 3 i 75 0432 B 7E B
SRTE 5 AL HE 45 (Natural Language Processing, NLP)
o, AL R R A A bR, Bk, 1812
I 2 04 B2 ok L RS S B P A
SCHR[13, 1448 F LSTM 8 GRU 25 &3 & /ML, 7210
KRB ) 22 50500 136 vhom] LA R4k gk AT B, SR M B
A WITEAFAELLT AT TH A 2 :

(1) AR

K% Oy A0 RNNs 2K 00 6 B0 350l g 2 45
HATE R 5 BT 51U SRR A, 34T+ 5 o
TFH, TV AT AT RO ORI P 24 00 20 . kit
BT VR, T3 7E KO R B E 4y A

R LY,

(2) RBHR I BHE BRI R i

v R S XL B B T
TR HORE R B, AR, [FIRSAR] TR BB 0
AT, A (7 A — I 5 e A, R
A R0 R AR 5 1 5 1 AU b 23k 2K
AT M K R .

SO 25 5 25 2E T L5 N TR P4 1
FEFFHT ., Bt — Rl 3000 1 95 T 22 3 2 WL i
A2 0%, R U e DA 5 R, 2290 £ LA R0 T B O
17, B eI % 2 T HL 70 R BT 2 4 g
Ve Ve T (S R I SR AT A, v
A VB I 2 2 R R A3 SR AR 5 1 o
SEAZ ORI, 65 SR S R SR AT 5 U

S B TR T

(1) 4 11 23 7 LR X645 3 S A0 b R S 4T
A, L) 0V BT 2 5T 0 5 SV S5 B A
SRR 2 BT 10 4 R L. 5 243 LSTM
5 GRU 4 P (037 35 7 HLB RS RIS, e 1 7 AL B,
A TR A

(2) (I PR e 5 1 )2, TR 2
FBH, IR B T T A, SR AL T 2
RSB A 0 B 2 TR R M i 2 1 £ BLAE BT
— RIS R 2 W AR T I BT I B AL

KSR AN BRI RN, 21 AR5
S, 5 2 A SR O TR 4 5 AT T RN,
553 R T S0 o R R 900 45 AT A BT, 4
AW AT TR, 55 5 W85 T AL TR,

1 HRMN
— AN AT 5% A — R B 7 S il o A Y i
i u, PRIy, TR A R R
r= flc,u) (1)
AN IR AR SR — AN TS [ E I B,
AT SE BT R K e AZ AT SR AN HE R, X 2% 2544
Wi 2 o, BFER . 1012 B AR 4 NEARZHLE

Special Issue it 45k 19

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20194F 55284 55 9

gt A T
itz 1 ] 2 [ o~ [ N ]
A
il EFi

B2 12124 i — iR 4

25 TE i N\ x, CAZ I 2 S AN B B AT IR AR A
R

(1) Input: K J5 4650 N\ xifi A7 i R om o — MK 4E
HZE A ER(x);

(2) Memory Generalization: 25 & #7 ) it N B 58T
Wiz,

M1 = f(mi, R(x;)) "
(3) Output: 4 F & JPHLRH B A ALCAZ 26

.

TCHHAT AR
4

2

o = attention(m, R(x)) 3)
(4) Response: MR 41 tH ™= A= fe 24 (1) [0l &5
r =decode(0) 4

ST % e FAR A PR O A KA S5,
PEFURR — 8L 3677 T 5T LU 38 s
R DA 1K 2 0T P 20 BU 17 4 45
IR LSTM B GRU, 3 S84/ PR 25 4 K 6 & 2% M 5
SR HB R . 7 27 T 3 B o
RIS, R T RAEERAL & |

2 ZERAG W%

BRI AL 2 A A7 22 1 T SRR A
{2 B N e, A9 SR o — 2 3 0 5
JIEALI . RS I 3 o, L3 S A R
LRMIE . HRAERE I B A, LT XX = A
I35y IRFF I,

AR R AR
Y ‘ ¥
i Ul o1 U
q [ Pmbeddine & ik Lot vl | 2 L
=) B BNZZ B T
RPN SCRIOR ARG
| .
| LT (K, V) |

AR F TR Embedding & AR F TR Embedding &

Position encoding Position encoding

T T

X IS

K3 ASCRIZ R CIL g

2.1 XARRRIGRED

KRB W 28 B B F 105 2] RAERIRE /7, R
WL IR 7R 2 20 . 1] i) 2 1 48 D 245 )1 1 5 R Y
IFEY), B — N BB MR LE R 70 A0 e B RoR, 4EE
2 AE 20 2 500 2 B HUE, AH EAE S one-hot R~
772 ERE TR S S UE B AT TR L

20 %i-ZEIA Special Issue

AR B RN PR 98] R B2, E A 22 I 2 I oM 27 2T Y
AR ] 1] 1) B AR s . LA, ] ) RS AR
PRI NE, WA (5) P, TR i 6
RIS BLAS RS2 DL B fi% 328 5 5 0 A5 FH X A 2R R,
H ) 5 78 23 I 2k [ B AR RS, AR 2 T — A
BRI

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20194F 55284 %5 91

http://www.c-s-a.org.cn

i H AR SN A

Emb(word;) = E(i) (5)

DRI SRy 6 T 22 v 3 0 11 X 28 5 i AN Re R L 27 1A
BAE R, DA SCAE 1] [m) & 1 B2 Al bR F AL B g b
(Position Encoding, PE) k3K B 5L 1] 1) 4 Jm A=) 345 2.
= (6) MK (7) Fros, Herb posos B A2 BAS S,
i 1A ) B (W YEPEAS S, dinoder 5 V] 7] 5 I 4 FE — FF,
il = W AR, £EASSC R D 128,

PE(p0S9 21) = Sin(pOS/IOOOOZi/dmadel) (6)

PE(pos,2i+1) = cos(pos/10000%+/dmodery (7)
B SRR 7 ] o) e R N AT g ) 4 0, B
R(word;) = Emb(word;) + PE(word;) (8)

22 EEEANE

FE AT R 7 SR F S R i S I B

— IR ) SOAR R T R N O [ R R A
1Z9TCH) key FRAK, Value @ RNV, F P N3
HNO. X 3 ANNIYEEE & — R, 52 (6) A=l (7)
() dyoder 4 FE A TH).

W 4 fios, 22002 SR = 77, M PN
QL IZ ¥ IL I key-k 34T SR IB 5, 2 5 I H
so ftmax PR EUTH S B T B (T = 0 B 4 A6 TR
0 % 1 2 [a), X (9) Frax, 5500 E) s I & 1A R
2, 3% BN 55 T 11 45 F Pk LA K (46 FE d e BT dyogter

NQiKTT [ i)V

Attention(Q;,K;, V;) = )

Zg(QjKjT/ dy )V

i

Concat (head)

Softmax (Q-K)V/
Softmax (Q-K)

dot-product (Q-K)

0 K 14

B4 HESIERS L), IMT2ERT F)
R (10) B, 23 & AHLHI R AT HL A T 5
JZ& RATE R, XA FEAT AT I R =2 SR 4 =[] ()
fria] [a) S AT KI5y J9h AN ER Gy, SRS AERENER 4 53 il
THE R Z B s geyd = ). XA B i AR AN [
F A A ATV R ST v A5, SR Y AE AN [R] 2 1]
AF R T ARG B s A [FIRE BE 6 503, a1 3R 15 42

JR) B8 8 I MR SR, T ABE AR 2 G R AN R4 4k
HEME R BEAN, T =AM BT e LA — DN EAERERE
A RS ) A8, 33E— 0 0 i A £ X 245 1 SR ALE E
head), = Attention(AQ, BK,CV) (10)
5, XL TEAT AN [F) 2 () 0 A R DG S B
E AL IRy DF 4%, SR 5 P ofe LA — AR PR AR R i 2 1k
RN o

O = Concat(heady,- - -

23 EEREENSRIERSA

TEICIZ I 4R R B T, LA T — R
multi-hops 185 5 2 J 4 Hyxt iz, 40 1 i A iy
P . A6 S TA o, et 2 I 7 5 0 R
BLIX Pl 25 52 HE TR 0 7 v R, A SCEE AR T BEARE B
(shortcut connections) ML, IXFHLH] G ML H 27
B RNAZMNET— Zm BT — Z S &, 28 se It
TE B R g 135 FEREL.

FEAER P & Se S T S i B R0
SRS AERR 22 2% (residual network) HE (1) 5
AABTEE M (identity mapping), Wiz (12) Fros, HH
g RNBE PR AL, xLTREA.

y=8)+x (12)

T S5 WS A — b [ R (R )2 5 A TR I
i, B R A . 71 7]
f¥) highway network FHR HUATSE 5T f) ] #2238 4R 4
&R E E, Wt (13) Fis, Hhhe®RiE &t M
FOTREHRAE, T (o)t —A 772 31 i A 2 M e B,
S SRR 1Y) ranh 54

y=gx)®T(x)+x®(1-T(x)) (13)

s (14) P, A Gl TR AR 8 5 50K
B 2R IIZ. P SEoRHEBIIZEL, o/2 30 (11)
i, Fon E— 2R B R XA TR L]
%iﬁu)\i‘ﬁ%ﬂﬁﬂﬁéﬁﬁuéﬁ FERP L W 28 2R AR o,
B A E R A EE S e a), Bk s E
S

,head)W° (11)
L

1 1
Usi = 08— +US®(1——1+6_US) (14)

H 2% (10 i U8 H e HE S I L AT 2 R
AR PETH B, S B R K I [ AR LA NI B
KL, A (15) Fros, P uiRoam A, Us

Special Issue % 8- 4¢ik 21

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20194F 55284 559

FoRHER R A M, CROREIEE RN ERR.

WuUs +UDCT
a=max (15

> Wy (Us +UNCY
n

3 SEE

N T IR 21 S0 B I Rk, A STk R
bADbI X i i A2 AT S IR, BRSO IT A A0
W2 A0S, 1T AME S ALK, 55 B R
P, X 8 R A AT R P55 2 7 T 2R, SR8
Intel (R) Xeon (R) CPU E5-2640 @ 2.40 GHz, 32 GB
1%, NVIDIA Quadro P2000 {1, Centos 7. 3 #:1F R 4.
3.1 #HEE

bADI X HH A 2 ML 0 THT ) AT 55 10 28 600t

RS B . bADL W REAE R 6T 55
1) T1: & APL M, 2) T2: 8 #r APl WAL 3) T3: &
TR, 4) Ta: SEBEHBME B, 5) T5: HAT e 80415 (1
R 4 MESHIEER), 6) T6: K iF IR 4 PR EE Pk k5 k) B
(DSTC 2). il 6 MESHLJE T8 )T W] Ak, 54T
%%, 1000 XS T IR, 1000 4418 H T 540,
1000 AN %F i FH IR, X FA4E55 1-5, 268 76 & xE
58 IR EE (LA JR4-00V. txt), Frid st i% a5
GRTF REFAIFAEM AR, A5 6 HH L SE AL
A, HAEE R B 5 IR S ER ARk AR Y. DSTC2
K SE B AT] AT RN R A BRI BT (R —Fe AR
AARAS: F P A, IRk, T DA i 2 i A 7Y
TR RE, SCER[LS PR ZEUR S o 5 Bk 5 MES 1%

KM FERE 6 MES. AEF 6 5Hi 5 MES B A LB |

FIgeit (s 2, B A& i i & U B RS E HLA7AE
MR (SR, R A RO
k

100 | ——

z2 LTR-SEM
3 MEMN2N
_ o MEMMA
90 1
& ‘ .
Sosll \ \
= B R
& g0 1N 1 N IR [N
A e A0

1 1-00V 2 2-00V 3 3-00V 4 4-00V 5 5-00V

32 LIWER

bADI f i B 4 2 B b 2 B 56 e N A %, B
FEUCHENL A 51 & IE 56 UK o5 B i 1 50 R
18], 7S g B W B 3 5] B (LTR-SEM)YL, 118 BA i 3] ot
L2 M % (MEMR) P IME R 5 2 7 & /13012 M 4
(MEMMA) FbA F bR, a5 20 it 7R 56 i i
W R L, LTR-SEM & T1 A E# R KT
MEMR #1 MEMMA, #& T1, T2, T2-O0V, T3, T3-O0V
X HAMES £ MEMR Al MEMMA E(gi%fmai&, Hrp
T1 A T2 FIANKHEAE 55 P MR ABSRAS 100% ) HE T
%, {AJ2AE T1-00V, T4, T4-00V, T5, T5-00V ix 5 4~
{E4 b, A0 (0B £ LI T MEMR, 7274
10 AMES E B PO T 1.65%. 7E4E T iF
ISF T AR N UG B 5 A0E A 5 X6 305 6 K FRD R ] 45 5 R
TR AL (HLEE NECH ), i UC B R AE 1 7 S,
MEMR F MEMMA 56 T~ W I 4 fff 26 11 bl e 25 31
W s AMFTR, 7€ T1, T3, T4, T4-00V X 4 MES
T H R, Hh T1, T3, T4-00V #HE T
100% HIHERAZR, T MEMMA 1E T2, T2-O0V, T3-00V,
TS5, T5-O0V iX 5 MES EHIHER R 467 T MEMR, 7
i 10 AMES ER-FRMER R, fi & G & 5 1.46%.
56 MESS K B H IR E 7 SRR, 2R
VB TR 0 P R A R 2 T B SR Dy G IS A o 17
S Ll TOE SR T2IY ) 'y SRR A
[ S0 5 SR U132 1 AR, 7 SRR T [ S v 2 1 L
2 I, MEMMA t\t;,LTR-SEM H1MEMR 43 # 5 18.5%
FT 124%; LEVS DN VC FCRFAE S5 1) U, MEMMA A L
MEMR 754556 (5 52 1B 56 1 85 2.6%. 5204k A,
EZ R ERER S, AXH B MEMMA Lt
MEMR 5 /14 5%

100 + — o MEMN2N ___

™
_T—TﬁMEMMA N N <
N N N| N
90 | NN
2 \ \
& N
1%( 80 r q
® N N
B g | 3 s NN
N N[N N
N § N
60 N N
s

1 1-00V 2 2-00V 3 3-00V 4 4-00V 5 5-00V

K5 ey hrie (el S e A LU, A A 78 in DG C R IE A A Ak (e 52 v ff 2 L A

22 i ZEIR Special Issue

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20194F 55284 25 9

http://www.c-s-a.org.cn

i H AR SN A

2 BRI 2 ELAT AR ] B (R R AT S5,
TR AT B 3R o SRR, BEXHE A i B 1012
P 2 SR A SO R D0 5, BRATT g B 2 AR ] 51256
BT YIRS (R ZEAT PR, SRR R UNZR 2 o,
200 JGEARUIZRRI 8] (R 10 KEBCFE1E) 1F vt
B, FEAHE 11 MEST A, AR SCHR M 2% BT i f)

R, XSRS T4 8 — A K A5, 163545
PRI 72 1 40AT e B A () ) 52 % B2 O (), T I
AT B 22 FE R IHLHIBAT 3 9 3 A I 5 S B i e )
HIAREO(D).

K1 AES 6 B DSTC2 $idfi b [ AE48 o] 5 HER 2 LR

S ININLRESSNS
I 50 ) F E MEMR 945 B b, S22 20, A LTR-SEM MEMR ~ MEMMA “UEMR MEMMA
SR ER RIS KL RI T s0% pyipsy D22 20 B 9 B9 90
F2 BRI G e (L s) 5
T1 T1-O0OV T2 T2-O0V T3 T3-O0V T4 T4-O0V s T5-00V T6
MEMR 300 306 502 503 660 662 173 L 173 1158 1156 760
MEMMA 200 204 334 342 439 438 120 118 760 763 512
4 MFILAIE 5748

TER %40 NLP (T4 i, {5 U bLa8 0 v, S0 4 2%
AR 1), A T 2 B A R o 1 4
I T HLBING 2 g T DA A 47 4 7 L. i
R B TR B H B A LR e L
RETH S K RRE 1 L 3T, — AR BI85 A
VAR T T AT AL G T A2 2K P 45 T LS i 2
ST AR HE B KT AZ B, I FLE 2 B,
i 2 A, R R, ARG A R
CEANGPRE Sk b TRtAL L Seee L Pt it
FO SR 5 S 0N, T DA 0 03 1, R F T
Rt TA2IZ NG AL, Bk, B, 5 AT B —
S B E A L b ST R IR (2 N !
"B LA AR 85 1 TR D A R B A O B R

WY AR NS T B S A 5=/ 11 e IRTS A1

o, BAR G 502K 2 KL, B aT ks ez
T, fﬂ'—ﬁfﬂﬁiﬂ‘fllﬂ?@ﬁ‘]ﬁﬁ‘z&wkﬁ?: 1) BT
() 22 1 i Lt AR 0 P = D B, 5 ) L 1 B P
DR VS TR AN T LS A R 4 R A
R 2) AWM W EF B Se iR AR, T LA AT iy
B35 PRI 2.

TEAN 22 I 25 AR AL 50, B BEVH 2R 1] L D 28 4
WA 7 AR )Y, SRR 1613 T — i T B R 5
%% 7 % % (residual connections), CLA%IE B 7] 45 2t
T T S FE e AL 2RALLY AR & Highway Network
KA (T 1AL ARSI NN,
AN 2RI SHEREEME GRS NN 2 2 E
=R o)

B/t il [E A VWA VAT S S PRIEIN
HEAT 22 500 ORI HE R, BT S, SR O
AT T B A S 2 R AL S TR A
P SLACAZREAT AR, AL ] B AT A fi] B AT IR 5
. AR JE SR T BAERIERN SN2 R . 5
LA TTIE AL, A SCHE H A I 2 AN O T A BUOR Y
B A5 2 B R R, SR A 1 — e B D T A i
B Jy 2. I AE bABI HHEE A 11 MEF LS
SR W], 2 EE e W 2% T LU R4t R HE B 2
BN L, PR RE LT 08 M0 2 AL 4.

R

1 et 5, gk AR TR R e 52 2R 55 10 KA P 0 i
BH A, HEHLRLG N, 2015, 24(11): 242-246. [doi:
10.3969/j.issn.1003-3254.2015.11.041]

2 Chen HS, Liu XR, Yin DW, ef al. A survey on dialogue
systems: Recent advances and new frontiers. ACM Sigkdd
Explorations Newsletter, 2017, 19(2): 25-35. [doi: 10.
1145/3166054]

3 Huang YF, Li ZC, Zhang ZS, et al. Moon IME: Neural-based
Chinese pinyin aided input method with customizable
association. Proceedings of the 56th Annual Meeting of the
Association  for
Demonstrations. Melbourne, Australia. 2018. 140-145.

4 Zhang ZS, Li JT, Zhu PF, et al. Modeling multi-turn

conversation with deep utterance aggregation. Proceedings of

Computational ~ Linguistics-System

the 27th International Conference on Computational
Linguistics. NM, USA. 2018. 3740-3752.
5 Qiu MH, Li FL, Wang SY, et al. AliMe Chat: A sequence to

Special Issue it Z5ik 23

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.3969/j.issn.1003-3254.2015.11.041
http://dx.doi.org/10.1145/3166054
http://dx.doi.org/10.1145/3166054
http://dx.doi.org/10.3969/j.issn.1003-3254.2015.11.041
http://dx.doi.org/10.1145/3166054
http://dx.doi.org/10.1145/3166054
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20194F 528 % 59 1

~

o]

10

1

—_

12

13

sequence and rerank based chatbot engine. Proceedings of

the 55th Annual Meeting of the Association for
Computational Linguistics. Vancouver, Canada. 2017.
498-503.

Hochreiter S, Schmidhuber J. Long short-term memory.
Neural Computation, 1997, 9(8): 1735-1780. [doi: 10.
1162/neco.1997.9.8.1735]

Chung J, Gulcehre C, Cho K H, ef al. Empirical evaluation of
gated recurrent neural networks on sequence modeling.
arXiv: 1412.3555, 2014.

Sutskever I, Vinyals O, Le QV. Sequence to sequence
learning with neural networks. Proceedings of the 27th
International Conference on Neural Information Processing
Systems. Montreal, Canada. 2014. 3104-3112.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need. Advances in Neural Information Processing Systems.
Long Beach, CA, USA. 2017. 6000-6010.

BRG, FNE. 5T 10k R R G S8 PR 5 R A H 7 12k
5. LS 2R, 2018, 32(12): 76-83. [doi: 10.3969/j.issn.
1003—0077.2018.12‘.016]

Sukhbaatar S, Weston J, Fergus R, ef al. End-to-end memory
networks. Proceedings of the 29th Annual Conference on
Neural Information Processing Systems. New York, NY,
USA. 2015. 2440-2448.

Miller A H, Fisch A, Dodge J, et al. Key-Value Memory
networks for directly reading documents. Proceedings of the
Conference on Empirical Methods in Natural Language
Processing. Austin, TX, USA. 2016. 1400-1409.

Kumar A, Irsoy O, Ondruska P, et al. Ask me anything:

24 i ZEIR Special Issue

14

15

17

19

20

21

Dynamic memory networks for natural language processing.
Proceedings of the 33rd International Conference on
Machine Learning. New York, NY, USA. 2016. 1378-1387.
Xiong CM, Merity S, Socher R. Dynamic memory networks
for visual and textual question answering. Proceedings of the
33rd International Conference on Machine Learning. New
York, NY, USA. 2016. 2397-2406.

Bordes A, Boureau YL, Weston J. Learning end-to-end goal-
oriented dialog. arXiv: 1605.07683, 2016.

He KM, Zhang XY, Ren SQ, et al. Dgep‘rpsidual learning for
image recognition. Proceedings of the IEEE Conference on
Computer Vision and Pattern Re;éognition. Las Vegas, NV,
USA. 2016. 770-778.

Sriyastava RK, Greff K, Schmidhuber J. Highway networks.
arXiv: 1505.00387, 2015.

Henderson M, Thomson B, Williams JD. The second dialog
state tracking challenge. Proceedings of the SIGDIAL
Conference. Philadelphia, PA, USA. 2014. 263-272.

Weston J, Chopra S, Bordes A. Memory networks.
Proceedings of International
Representations. New York, NY, USA. 2015.

Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of

Conference on Learning

deep bidirectional transformers for language understanding.
arXiv: 1810.04805, 2018.

Srivastava RK, Greff K, Schmidhuber J. Training very deep
networks. Proceedings of the 28th Iaternational Conference
on Neural Information Processing: Systems. Montreal,

Canada. 2015. 2377-2385.

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://dx.doi.org/10.3969/j.issn.1003-0077.2018.12.010
http://www.c-s-a.org.cn

