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Abstract

The readable and writable external memory module can improve the ability of the neural network
which is based on factual memory and memory-based reasoning. Neural Turing Machines use atten-
tion mechanism to design a reading and writing mechanism for the memory module. It also realized
sorting, copying and other algorithms by using a recurrent neural network as a controller. To
shorten the training time and speed up convergence in a wider range of applications (such as natural
language processing), we design a kind of read-write mechanism based on the global memory which
is applied in Turing machines. This kind of read-write mechanism does convolution operations to
extract the global memory features, whose training speed is 6 times better than Neural Turing Ma-
chines; the convergence rate and reasoning results in the bAbi dataset are also better.
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1. 5|

NEFRI IR F R K 2, HLR G IEMT RN, Bl N —FAshy, FREERRE
. MECURTE S RIEN, HIIniid NZRAOHRA . M2 W41k 55 22 J2 1A X 48 45 1 i i M fi] 2 31 53 4%
FORAFINES, TERKAFERRPERI, BT DA W 28 70 AR QR AT 55 Hh T DLERHR A7 O 26O [1] [2]. SR
P22 W 268 F A LA A R 5 B A AR SRS [3], BlInfE N T AR FRIR T “TF i (A = Ak,
SERMRM T IX — FSERT, PR I SE H TOIE S IR A R . AT DO N B OB, (T
AN TR RER UL, HEFERE & B R E N [4].

RZ N6 n] LLEGN R 741 1) f,  fE 340 22 /9 4% (Recurrent Neural Network, RNN)E 22 /EHL 2%
BITE . SCARA ST IUES EHAS THE LR, 49 28 T BRAEZE I (8] F7 51 v 27 20 B i % $ R0 2 7R %
N . AR ARER) RNN 238 2186 5271 2 AR B0 ) @, K40 11d 42 M 2% (Long  Short-term Memory,
LSTM)itH i 25 =) 42 il S AN ANBSGEOIRAS , A S 1A% 49 (10 52 W] DAAE SE A IS 8] F 2 Fh AT, AT B 13X —
W @[5]. H4h, BT RNN {4 FH ZS S5 M A S A7 it 2B 2RI 2, 5238 30 o s i A7 g LA S s
()8, ST R T B O R AT SS,  Sdi () LSTM MIZR SR TR AR U (45 51, 2 BEJR DR
Y AE B BUIR S FIAUE S 0h S sid 12ad T8

i IR — 0] R 75 1 A A 22 X 48 TS AR A 1R AR, SRAL N S SIE B — 26 H A T B ff R A7 A
VERIRAG B BIAT 9, A& I 28 AR Dy il 24 dl W AR ER b I 5 NAL B, 78 75 2 1R I B LR 0 2 A7
BIE R, IWITTED B ZRFE A i B8 BT S8 4 2145 JE[6] - Weston &6 A TR LR H T icAZ e & M 45 [7] [8],
TR T PG WAL 3 22 4 1) R A S5 44, Graves 25 A [9]F]F RNN [ B R S 4 ME[10]5 H T pi e e R
HL.(Neural Turing Machine, NTM), /i8S HEIK 2 FITHENLE M, AHIMBAAAABEY R T RNN, fHA
% 5 O A N B B S A AN S D RE . S B RALE R IHUEIANE, A2 BENLE B[ 11 R FH 5 Ak
EMING T, EEB AN AAEE BT ISR, ST — S S MR . ATt & L
(Differentiable Neural Computer, DNC) [12]i# i % >J A HOCERAME B, SCOL TR St Bk pg A4 3. TR 1S4
W57 5 S A B ) B AT 55

BT I 28 TAEXG BT A A ARSI E A B EE R, (A2 A S B2 HER, FlwfEl
SRIE S b B v — 8 2 1R FN B 1] L A 3] AR ] B D0 AR RS LT, 4 B R AL 208 B W Sk B a4
ISR T B . FRAVEM S B R AU LA FHR-H T IR T 2/ WA S HLE], a4 28 M 4% 2 1E
BN 2] DLRBGE 2 2 AN ZIBME R, 300 T K350 Fe AT 25 K U RE 8 724G B (1 Il 2RIt 8] P pRadt e $5
BT W& S5 0@ TR KR P, Ok Ha 2 8Kz 4 B R HL(Long-term Memory Neural Turing
Machine, L-NTM).
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2. XTI
2.1. HEZERH

ML B RV R SRR, RSN REEY A", ] RNN fEouEtlds, ff
REER IS WAF AT IR S 2 TL[13] [14], FLA B0 2 A] 3 5 DR SRS W 4 mT LA ot e ) A F EAT 1 25
A RNN BB R se g1k, Seme 7 =M HEPa5 B R PR & A b 22 i e A B D fg. MaE R
PUE RA SRS e 7 RNN BJZIRE, (EMZ SR 7“0 IS semne /s, R Thaeset
TAdizFE .

BIRNUNE N — Rt ST, AT CAERAA Dy S ST — ANy AN ZRA1T 21 eyt 401 AOmRS 7, e 22 B RATLank
AT P AR R IR 2% (1) 5 120k <l S NS N AR B H AR G 7 AR N Lom 5 MR . & E RALE
HHMES P e SHl 7 NG B 22 2B T BRI KR AR RN,
NG, DRI A7 Bl R Ho et

2.2. AT EM

TR E RO, AT M T EEHL(DNC) @S B A 2 LN A7 AR DRI AZ I BAHE RS 2
BE, PRI 5E RPE ER PR RE 7). AT NTM B BEMHAR AL B SE 2, DNC BERE XS N 17
BEATRENLELS ,  HAERAH SRR A0 15 S8 A I I EE R ORI, A IR h, SORM T L ] — 2
e N 32 12 A L ORTR A 17 BAT SR A2 4 I, 3K el I HE et o R B AR MR o BRI2Z 4k, DNC
ERENS KB A FHERAE 55, A BOMBRER R Bl , fEAIR T Ie B BRIl A2 2 )5, Bt
ALLil DNC [EIZ-04n “ A Bond %, i Central ZkifE 77 [m)E — ik, SRSV Circle %377 [m) &
4 3k, FHAY Jubilee 2% 507 [A1E 2 i, o a UR 2 BIATR—uh? 7

DNC 22 B R AR HEEL AE /48 m 2 T m BRI, RN R A ot DL (5 B R AR 2] -
fi DNC FEX 15 A 55 1 [RIAE = 32 BIN ZRId G WCBIGH FE 12 1) 1)

2.3. IBIZHHEM L%

TR ZE I 25 LA IR 25 28 8 P HE B LI 9 A, 5 ST F AT ) P A7 BT 78 1 22 190 2% F)
PS5, BB BN BRI A7 SR LA 9 s 100 1WA - Weston () (GRiZ 44
WZ%) SIS B ARTE S ARBRIO R T, SCHR G TR RN RSO B N AE S AR, BLR Sl B
T IR G ST PR TR, R BT T — et T AR B AR SR s L], RATHE L-NTM sp S ] 73X — 4L
B

3. {RBIGH
3.1. EigEH

TENRA I RHLE — 703, LNTM BIZ5 1 1 s, BE— AR5 a2 A7 A R mRR
WAFREEL S FI— MR M ag il ds. S &M xN KRR, TS EEdE, 20128k, M
NN E, FORE BRI B, N NS —F AR YES .

FERIBERE— DI 2 ¢ # S HATEIAIG N, &85>0 H Rt R AEA R Z0RAS [F o A A7 Gk
B S, PHIAFRALE, FFERBUHRICIZH Tt 8 7 B IR0 A8 AR B 1 Mk AT s B )l 25, 2
FEREANTHE R p i — AN #OR TR, DR e ) St Ak PR B AN RE AR ) BAR R XML, T
FEfi MK M B R w, . HOE S NTM 2
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Figure 1. Basic structure of neural Turing
machines

B 1 MEERNERLEY
> w(k)=1 0<w(k)<1 vk #(1)
k

AT AR R S NSRBI N =3, w, (k) A[0,1,0,L,0.8] B, FklsE
BEEAMIEE AL,

L-NTM {35058 (0 W4 S LSTM R0%, LSTM 47 SEF I Al BE R 1o S0 i
T2 51 B0 AT 1 15 4158 A2 I I D
3.2. WHHIRE .

S 2 N RS HOBCT 2 TN, BHLITE LNTM o, Bl 2kl
RS S TE S FiE e N

S SCHERZA O3 | M w, (i) - PSR I BN KB N T IR, (1), B S, g —
7 RS A B

rt(i)eZWt(i,j)St(j) #(2)
i
AR R I B, A R R BRSO 2K L-NTM I P 38 3 s ISRt 381 FL AR 1 i
0 :O(rt) #(3)

SR, HTESANRZRA BN, FTURE SN w . ENENLR AR
BRITMEN. TERZ] 6 SHEERER e . SAMEa MEHISANENSH . Hie Ma
AN e, He A LR SE A EUEE EITEQ, D AL EBRERIERIAEN S, -

Si(i)« S (D[ 1-w,(i)e, | #(4)

e PITCHBHEGE T 0, MAFTR B ZI7ERS R E K RS R RE, BESET 1, XY NES
BEHE THGEHERR . BERRAE LB RPUTHNERME, a NENZIHETGANNFIER, KT LSTM i

BT, MAbe A — MRS E e AT AE N A P AR R
FE— L8 FARIE F AL BEAL 55, AATHITE & P& TR Z X T2 8cA L E N 10 S5 1, i
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S E(EPS AR PR | e i Ji R
S, « S, (i) + fw, (i)a, #(5)
L RO PSR IS NFREHR AR, F i) 35 22 0 0l AL BRI AN XS L K 4R £
3.3. BUEEIBEAFUHLE

5 NTM %6525 R A —Fp SEEH LR, L-NTM 2 BISHES R 7 AR SAELE . XTS5 A5
B, %Z DNC WE R, EHEB AL B, N2 AR R AR S SURHCAZ A A . BRLE IRt
T R T R I AT B A TR AR SR R [15], DR S 4 A ] (same) B A% K AR A
KEANN MR w , Hf KPHmAEEECH N, SRR A k.

W (i, J)=(S, *K)=>>" S (i+m, j+n)K(m,n) #(6)
Horp, me[—k,k],ne[O,N —1] JHmneZ .

K FIR/INGRSE T A A AR o S AE SR B Y TR, K ROK,  PIAF AR S AT AR AE 2 33 T K I R i X
B, RIS N AERT 4 JR B e 23 B TEFRATISEES i A K R UL, DRI B8 R 25T R i) N A7
FHE, k FBUMEAR T ZD R, eI R HHCN 3.

BT IEE I RFIE I & w, IR A IEA L, ARFERE mENER(TAE TR A TET 0, HM
N 1), EEBRATFRA softmax BB AR — NIRRT A TREER:

W, = softmax (th ) #(7)

U1 SR P AR PR A A L B 91 1 [[0.2, 0.3], [0.1, 0.4], [0.4, 0.3]], i AS+2[[0.9, 0.8], [0.1, 0.4], [0.2,
0. 31X &l Ky dEH T W A7 A 2, X S8 w, A B T4k, #11n[0.3, 0.3, 0.4], A Z[0.8, 0.1,
0.1 M ERIIAEAEAE B/ N B N AR S5 R AN AEERR IR, EY AR RERD N BORIS, AEX TR
FRECE BRI AR T5 B REEG. ks ey 2R — KT 1 S, TS5 Ak
(R 5
W, (i)
2w (i)

L-NTM 5 NTM #E$REF R EEE, L-NTM [ B 102 8 % 70 BB R A A7 1 5 N B
T, X SRR B AL R0 R IR TSR IR ICE KE A RSB, T NTM [ 3R £ 5 {5
TR —ATH, X TR, NTM £ H31[0.05, 0.9, 0.05] X # ¥4, 1fi[0.25, 0.5, 0.25]
ST L-NTM gt & 2% . T RERENAR, 2 — B ERSHAARESHSHE AR,
2@)F7R, £ NTM 1, SEMATEE—MIES FMEE, MR N ARRES BT K IKTE W A7 T
BN, fEHARH TS FEE RN RN, E 2(0)iRs LNTM I NAEIRES, RERER/NMY, 5AK
ERES S

7E NTM H, BRI A A3 2L T 0 MRS /NIIEL, B1an10°, X & SEERIsE L
w, B TN OC RS, XX S NFRE SRR R R I R, BIETE L-NTM A3 FH = 30 43 A 6
WAFBLHGEAT VI, A EALE R EEA M FE, SRS EEIRBURHEEA —8, X ERANEAN
TREFEINRES K —ALE.

SERFIRARE 3 R, BRI HBTIE EARBUHE WAEIREIE, Z SR softmax &£ 4 ml & 2
fTREER, BAFHAREZREEEANBEREINEALE L.

w, (i)«

#(8)
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Figure 2. Example of memory
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#FH/softmax
-

Figure 3. Addressing mechanisms of writing
heads

3. ENIESHITUHEH

3.4. BUHRYIEERFULHH

R IR RO R4 R A R 4 AN R, A S NTM 80, I N
Yt c,, RS BT K[ 5 S 1T S, (1) AT ELRE, AT O 2 RO & we

exp(,BtK[CuSt(i)])
Zjexp(ﬂtK[Cw St(J)J)

ot g AN F T 9 B 55X — I 2R T R I TR . AR TR R N 2 AR R A
LREINCICAE i, SRMERICIZA R, SRECKBUMAEZ I A B AT 2R R R A T2, R X
AR R BE 5 LA B8 2 R AN L o
AR PR A INERFEE R T EREHE, 55NN TR EAR R, R4 )R Tk h
A ZAERUZ, XA T AENE SE L (K /04T A AR LA 2 FRHE B, RIS e A R (R AE B wy ()
AR REER SH g, (i), 9, () FIEEEQ,L)AN, AT w 5w (i) di&kk:
w, (i) < g, (i)w; +(1-g,(i))w (i) #(10)

EIRPA BB R, I L-NTM AT DURE ABR B2 R B AT s 25 U 2R bt T v IR KR
BRIZH, B THERIEE TR RRE, LNTM BYIZRANE AT 4 2 DU PRI BE AT . < 4 J&
TR SRR .

#(9)

W (i)«
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B 4. AR RIS UL

MEEALEE 2 [16] [L7]HIAERE, H NAFIEERAIN IR (state), A2 5 AL A PR A e 5t 1) o At
AT, SREUHLH U A AR 24 RTIRAS AT 3R (action) i 5[ 18] 3883 oty 21 o 0 2% S I S, 2B LA 23 3%
Hi 2 SRR N AEIRES T IS A B, TS AL U 2 27 3] B b — I 20 B AR T 24 1 9 5N
. —BR—ADPUIETRE, A4S SR AR IR T 550k 27 1 I ZRad RE A T A LIk 3 5t
LR

4. SE4

bAbi i #EHE[19]2 G & — RIHERAT 551 im) B 4, B Ol RR . WM B R A .
A 7 b “Single Supporting Fact” F1 “Two Supporting Facts” P4 T-%d 45 FH T NTM A1 L-NTM K
Lb#L, £ “Single Supporting Fact” (£, &R GFRIA 1) — A5 RHE, HFE—FL SR
FIIEHIZ S, 1 “Two Supporting Facts” w1, SASRIUE RFHEW MR IFE, JF HFRE— 2 WA fE
FER. TEARWE 5 Frs.

ST TR AL, B 2P R AL 7 1E[19] [20]: 1) FAIRIFEFIRI 5% 2) BRkiEa)
R RPRER A Wl 6 B fEIXECRAZE—MIiik, T3 MOk, S —ForiER MK
J7 BRI SR s A P AT S5, 31X 0] DAFE — @ FE R B AR SR A5 28 192 A e

AL LSTM F1 NTM FERFEL, AR AHE 10,000 %I ZREEE F1 1000 %080, i H]
PyTorch SZF# %! 3£ 7F — & NVIDIA P100 ] GPU _E#E4TI145.

WAFZHENSM =8, N = 208 R4T4AL NTM FIT L-NTM BN fE45 K, 75 L-NTM H, 2) 5l T i
HUPREH-HE N 8. 16 A132, M 7 Faf LIE H, NTM [MIEGEE/E L-NTM 1) 8 DN ELERAT AT 16 4Nk
HUREr 2 8], /NT 32 AN ERECRET U Shos B

BEHRE AR Z , FTRERI A FRHE R Z , REN TR MR, RN FS8miE 2,
JIT SR TE DU A I B 2 o SR 45 IR WAL 1, 455 TR IR [R] D — RIS A 75 BRI [A]

EYIZRIERE | L-NTM AT NTM KUt 1 6 5, 1955 T GPU MFFATIHE, SelUdaEr g E R
TSN ZREa], RSB Er 70790 8+ 16 A1 32 i, —VEARIKIIIZRI K3 4 4 40 BV 44

XFT L-NTM BB HUAS U1 28R ) — AN o] R 1) S5 R 2 K0 23 17 AT 55 AR AN 75 B T RS it i 5, K3
Va2 Bl Hbr. T FAHAEREZ “to” . “the” ZHia, RETHME EA T MG HAF
it Bk, T NTM R 65 A TRk, IR 2 1 A7 2 [A] Az B B 1]

2R RS LSTM 1 32k 5 L-NTM 7£“yes/no questions” . “simple negation” . “basic deduction”
F1 “agent’s motivation” {£:55 kAT UL, SEEREE RN 2. R T L-NTM ZEHERAE S5 h R IO T
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Single Supporting Fact: -

1. John travelled to the hallway. .

2. Mary journeyed to the bathroom. -
3. Where is John? hallway 1«

Two Supporting Facts: «

1. Mary got the milk there. «

2. John moved to the bedroom. -

3. Sandra went back to the kitchen. -
4, Mary travelled to the hallway. «

5. Where is the milk? hallway 14+

Figure 5. Examples of datasets

5. BIR&E A

Story Question
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N J
Combined ‘ ‘ ‘ ‘ ‘
hallway STOP representation *
4 A
Softmax
> il N
LB B N B m N ‘
hallway . Q where is John 2 GO hallway AnSwer
(@) FFIE PR

Figure 6. Structure of question answering models

B 6. BIERBLEHN, () RAFIILAE, ERFSRFSIEANEREFMEBE 2R, EHRRHTS “Q7 FA
BFY, S “GO” ZERMEAZTR; (b) HWEHRAEAFMBES FARMER, HAEZT LSTM FHILAE
RAKAERLRIERER
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Figure 7. Training results of “Single Supporting Fact”
7. “Single Supporting Fact” JIIZk4E R
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Table 1. Experiment results of LSTM, NTM and L-NTM
%< 1. LSTM. NTM #1 L-NTM BISCIR4ER

g LSTM NTM L-NTM
Single Supporting Fact 39.0% (100 s) 100% (25 m) 100% (4 m 40s)
Two Supporting Facts 20.1% (400 s) 90% (L h 20 m) 99.6% (18 m)

Table 2. Experiment results of LSTM and L-NTM
F 2. LSTM #1 L-NTM H9SEa 4%

E(E/E S LST™M L-NTM
Yes/no questions 52.5% 100%
Simple negation 64.6% 99.1%
Basic deduction 23.5% 100%

Agent’s motivation 83.8% 99.8%

LSTM, IX3&H 1 B ARRIICAZAT il ] CASR e HE AT 55 AOHERR R . AE T LA R BT 55, L-NTM KRR 1
HLABAEAE A A T, A R R e 2 POl R R Al AT HERE, 193 7L RR . DIIAE
—EERAUFFES T, L-NTM £ —E R E RS B AR LSTM.

5. &g

DLt B R EERASCEE T S TTEME SRET RO AL AESATTEPIA T H TEH SN E
WHE RIS, — LA Se R4 1A & A5 S BB BRI L 1A SR A A 2 o5 L 2 1 A AT, Ok
T HERAT oM TR RUE R ARER s AE S HENLR R, {6 RIS SR P A AR 1 2 AR AN 2 T
HFURIM A S, AR5 I 20 AT DLSRHCE 2 1 S SeAidi A T HEEE, DL R CGdt A bADbi K 42 i1 el A
BOIER TUSIGE L, IR E E5ETt 1 6 1%, JFHAEERKMFIIHER T EmidER. £5
LSTM HIXfEEH, L-NTM ARBL T SESRHERERE 1, 2T ROHERAE S5 TP UG T iR ESE R
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