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Review on Research and Development of Memory Neural Networks

LIANG Tian-Xin, YANG Xiao-Ping, WANG Liang, ZHANG Yong-Jun, ZHU Yan-Li, XU Cui

(School of Information, Renmin Universityof China, Beijing 100872, China)

Abstract: Firstly, in this paper, the key features of memory neural networks in the strongly supervised model and the weakly supervised
model and introduced. Then the corresponding application scenarios and processing methods, as well as the advantages and disadvantages
of the two models are summarized. Next, a brief survey on the development and application of the two models (including the innovation
on the model and the innovation in application) is provided, and the key roles of individual innovative models in the natural language
processing are summarized. Finally, the complex challenges of memory neural networks in the natural language processing and the future
development of memory neural networks are also discussed.
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question answering
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CNN)®! Hinton CNN 2012 ImagesNet[z] . (recurrent neural
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short-term memory, LSTM)!M s .Mikolov
LSTM [10-13] [14] (5], B3]
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2) (question): S
3) (answer):
[17]
;2
2.1
RNN ,LLSTM .LSTM
) s Karpathy
LSTM B33 LSTM ,
. , ,LSTM
,Hausknecht LSTM . 131,
,MemNN , LSTM
M ; , : LSTMD?,
2) s LSTM.
(3) MemNN 3
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> , 1 2 s
s 3 s 4 1
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Fig.3 Strongly supervised model
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, , 3
3 4 s ) >
e Input,l : 3 R
, G Xi ,m;
e  Generalization,G s m;
,Bordes BIG R
e  Output,O :0 g=I(q) , So
m;,m;
e Response,R ‘R ,R (0] (mj,m;) s
1(q), Sk s Answer Text.
bAbI 1. ,1~6 7! 1 s 3 6
Table 1 An example of bAbI
1 DbADI
1. Mary moved to the bathroom. >
2. Sandra journeyed to the bedroom. i
3. Mary got the football there. v
4. John went to the kitchen. >
5. Mary went back to the kitchen. =<
6. Mary went back to the garden. v
7. Where is the football? garden 3 6 -
O R R ,
S0:5Rs , (1)
S(xY)=(x)'UTU DY) M
,D(X) DY) ( ), nx1;U nxD
| ,D s D=3|W|,W s So,Sr
, L BBy :
[17] Uo , {my,my,...,mp}
1(q) R m;,m; s (stochastic gradient
descent, SGD) Uo , So, ) So(X,y) s
, K
K=1 , mj, 2) .
0, = O,(X,m) = argmax S (X, m;) 2)
i=1,2,..,N
K=2 (@) Moy Moy, 3)
0, =0,(x,m) = arg max So ([X, Mg, 1, my) (€)
[qiamolamoz]a R
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R Ur Uo , R Answer ,
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r=argmaxycwSr([X,Mo1,Mo2],W) 4)
[17] ,Weston R
Uo Ug bAbI 2 500
, 3 , axyy) ; y
y y
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(1) , 3(2) , 3
, - W 3|wl,
, ; D 3w 5|W. ,
“dropout” S s
. B8 [36] k
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2.2.2
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, ,Sukhbaatar
(2637] . ’
4(a) 4(b) Sukhbaatar [26] R
: {X1,X2,.- . Xn} , Xi,
g, ans; X s q ans
> % q , ans s (hops).
. X q backpropagation
, , X q ans.
o
R R {X1,X2, -, Xn}( Vx1)
A( dxV) , X m;( dx1) ; , q
B( dxV) u( dx1), u 4(a) Input
m; s Softmax 5 . >
q Xi ) (C
pi=Softmax(u'm;) 3)
, : Softmax(z;) =€/ ;.
o
{X1,X2,- -, Xn} C( dxV) s Ci,
Pi G 0,0 , (6)
0= Z piGi (6)
(attention mechanism). [38,39] ,
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, .Weston [29]
bAbI 20 , .bAbI
3.1.1
Weston 2015 [29] , s
[29] U7 pAbI
(1) 3 , [29]
6) [17] : , R
We, We
3 [17] ; ; N
(a bag-of-N-grams) 129, MemNN
9] 5  bAbI [17]
Bordes (301, SimpleQuestionsBO]
10 ) > ’
.SimpleQuestions Google Freebase s Freebase
> s , 2.
Table 2 An example of SimpleQuestions
2 SimpleQuestions
‘What American cartoonist is the creator of Andy Lippincott? (andy_lippincott,character_created_by,garry_trudeau)
Which forest is Fires Creek in? (fires_creek,containedby,Nantahala_national forest)
What is an active ingredient in childrens earache relief ? (childrens_earache relief,active ingredients,capsicum)
What does Jimmy Neutron do? (jimmy_neutron,fictional character occupation,inventor)
What dietary restriction is incompatible with kimchi? (kimchi,incompatible with dietary restrictions,veganism)
1 ;2 s 5
Freebase s
SimpleQuestions s WebQuestions' ), WebQuestions
, Yang [49] 41.3%, 42.2% ,
WebQuestions s
WebQuestions S Freebase
SimpleQuestions , Bordes B3 FB2M,FB5M,
Reverb FB2M FB5M R
, , L,
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(13)
Soa(@,y)=cos(Wyvg(q),Wsf(y)) (13)
,q Y [30] n-gram Ny (multi-hot) a(q)
g-Ny s Freebase ,Ny Wy
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2 , (MIPS) ; ;
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Wi,
[27] ) ,
) [27] ,
LSTM , ,
4 72%, 76%,
.2 8 , ;09 , 81%
322
B4, Microsoft’s Cortana  Apple’s Siri.
, :(just send email to bob about fishing this
weekend(1)). R ( =“bob”, =“fishing this weekend”(2)). ,
RNN R RNN ; > -
(encode-decode) s ) (encode) f, f (decode)
2). RNN ,
A, Si m;,M=AdS;). ,
A RNN, S P Softmax RNN, [34]
6
P, Knowledge Attention Distribution
Contextual
Sentence Encoder slot tagging
=IO = =
o :
iy H Memory Representation RNN
1 Sentence inner Knowledge Encodisg | Tagger
history | Encoder Froduct Representation
utterances | RNN,,
{x} Q0= = |
c — : u
cufrent utterance
Fig.6 Illustration of the proposed end-to-end memory neural network model for multi-turn SLU
6
[34] s ,Microsoft’s Cortana  Apple’s Siri
[34] RNN , ,
Fl1 ; [34] , [34]
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JHill
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Project Gutenberg, )
. S Si , 21
, 10 ,

“Welll, Wi Mawwell, | think it cnly fur o tell you that you may have imoubie
with thame Barys whem they o come. Forewarnod s forcarmed, you know. Mr
Cropper was opposad 0 our hiring you. Not, of counse, that be bad any
persornl objecison 1o vew, b e i st spaina female izachers, and when &
Cropper is st thers i nothing on carth cam changs him, He says female
seschers camt hsep oeder. M s staried im with 8 spite i you om peneral
principhos, and the hoys keow it They know be'll hack thom up in socret, no
mtier what they do, just 80 prove his opiniom. Cropper is sty and stippery, and
o s hawd 8o Goemer B ®

= Are the by hip ™ queried Esthor siouly,

“Wes. Thirteen and fourssen ssdd big for their ape. You can’t whip 'em — that is
e trouble. A man might, but they'd bwisd you srousd ther fingen, You'll have
your hands full, l'm sfraid. But mrybe they1l behave sll right after sll*

Mr. Banter privatcly had no hope ot they woukd, but Esther hoped for the
bk She could not heliove that Me. Cropper would cary his prejudices inta a
porsonal application. This comviction was strongthonod whon he overiook her
walking [rom schal the neat day and droe bor home. He was a by, handhome
e with @ very suave, politc masncr. Fie askod interesiodly about bor school
and her work, hoped she was geming on well, and said he had o young
eancals of his own b wend woon. Esther fchl relicved. She thought thar Mr
Banter had exmggerated maniers o liftle.

Su | Wr. cropper vas oppoesd 1o oer Mirisy you .
T Hot ; of courss , that be had say psrsonal objsctios to you . but be s set
Spainat femals LesOkarE , Sad whes & CrOPPET LE el UhEre L ROLMLER oR SETUE S
charge his .
3 Be says femals tsschars o& o't kesp order .
4 Be '8 BLArued IS with & spite A yOu o geseral prisgipies . sl Uhe boye b
it s
§ Thay know ke "11 Bark Them up IS SSETeT . B0 RITUST VENL they 85 . jUST U0 prove
hin spinises .
& Cropger i aly and slippsry . ssd iv i Bard wo corssr ki . *°
T Are ke by Big P 7Y
¥ guarisd Esther anxicusly .
# U7 T .
I1# Thirtees asd fouriesn asd big for thekr age .
11 Tou o8 B'GC WEIp “em == thet I8 che trookle .
L & man might . Bur they d tuvist you arcund thelr fispars .
13 ¥ou Il Bhaws yoar hkndd fell ., T 's afrald .
14 Bt mayte Lhay 3L Belawe a1l Flghn afues ail . v
13 Mr. Baxter privately bad no bops that they would ,
L.
1§ Bhe csuld sol beileve LAAL Ar. Cropper wisld carry his prefelices iote &
personal applications .
17 Tais sosvisuion was sursagrhensd vien b svertsch ker valiing from eehes] tha
GAEE Aiy ARd drove kar homs .
1B B wks & bl . hesdsess mas wilh & very sseve , gollle sesser .
1% Be asked intersstedly sbowt Ber school and ber work . hoped she wes gettisg os
well , ssd mald b had two yousy rescals of his own wo ssnd soon .
TP EaNer felt relleved .
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s BSe Alieghl UksA M.
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Fig.7 A named entity question from the CBT
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s LSTM CNN QA s
69.4%.
3.2.4
, [17,32] , [17]
[30] (knowledge base) ,
R Miller [33] (key-value
memory neural network), s (26] s
[33] 8

v S |

e - [Kiry hanking|
Koowdge { i | () () G,
o Seemrestaseasaannsy Keyvalue Memories
Fig.8 Key-Value memory neural networks
8
, Key Value. s
A C 5 . , 1 A '
X , (18)
Pri=softmax(A @x(x)-A D (Kni)) (18)
VALUE , [26] , (19)
0=)" P, -AdV(v,) (19)
. @=R'(q+0),  ¢=R'(gto), R
, (20)
Py = Softmax(q,; A (Ky;)) (20)
[33] 3 s 4 Key-Value
(1) Key, Value,
2) 3 Key Value,
3) N , Key Value.
(C)) : 3) ,
WIKIMOVIES, 5
. ,Key-Value
, , [33] WIKIQA
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Key-Value )
2014 , ,  RNN
_— recurrent memory neural network, RMN oogle DeepMin
1 k )61 Googl ind
(NTM)!'® MetaMind (dynamic memory neural network, DMN)[4,
RMN LSTM , LSTM (memory block, MB).MB
, LSTM .RMN [63] ,
LSTM , .RMN
, LSTM. [63]MB 9(a) ,RMN 9(b)
w0 0 0 0 0
r 1 { t i i
I - M (5w }—{ s }—+[ 15w }—=[ 15 }—={15mm |
§se { i i i }
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e y o y y
T [ tstm }—+{ Lsw |-+ Lsm }-—+{ Lsm }-+{ LsTM |
m; )
J o - N 4 = ’-':’-:O,
{z:) h '
(a) MB (b) 4 RMN
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9
9(a) ,MB cot , 1 {Xi}( X n
Xt_n, .. '9Xt); 2 LSTM ht' ,Xi M C( VXd)
s mi ci M C s mi hl s
p=softmax(m;xhy), , Pt Ci St.5¢ X
. GRU s hy , LSTM MB
9(b) MB  LSTM , MB n=4,
3 , LSTM MB . LSTM MB
RMR.RMN : , : , LSTM
NTM  MemNN 2014 ,MemNN NTM
, NTM
, ,NTM
Graves el NTM , 128 NTM
LSTM : NTM LSTM . [16] NTM
DMN!® , bAbI , ,
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. [64]
,DMN
DMN , MemNN!!7-2¢] .DMN
S Chen [34] S
s RNN-GRU (encode), {S1,52,+-,5n} q
(episodic memory module) .DMN {S1,52,
Sn} q RNN , RNN-GRU ,
S e, e=1 |, ; , el m'. ,
m g ,
(21
m=GRU(e,m'"") 1)
m' q e' , q Si, Si Sjs
q . s RNN-GRU (decode)
[64] DMN 10
Episadic r'-'len'uznrﬂ,I - - " é o i e p Answer module
Module ae  gas 0 00 b0 gas ao a6 _gm X0
7 f ' Vs
Ve | = o ) ag oo e oo ﬁ'aa E' 10 tﬂ,. m' f¢f
r 1
" = ]
Input F-"Iadule 5 I'_s. s 5 5, 5 ‘l\s. 5 Question Module :;
AL L™ T
")
f’" f f* P f f f P
o $,§. L
"ﬁff _,e’* 4 ‘# g a“?f -“‘f 4
Fig.10 Dynamic memory networks model
10 DMN
10 : (where is the football?) 1 , 7 (John put down the football)
football e 1, ;2 , q 7
(episodic memory module) R John
, , DMN
DMN \ , ,
) RNN-GRU ,
.DMN MemNN , ,
s ,DMN
3 MemNN,NTM,DMN 5

R ,MemNN
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NTM  MemNN .DMN MemNN R .3
» 3 , )
5
MemNN s
s ,  RNN . ,MemNN
R s . MemNN
,  MemNN 9
: MemNN
s Google 1651 s
Jyyer 166} _ (relationship modeling network),
) ,MemNN
R ,MemNN N
MemNN N
MemNN s . LSTM ,MemNN
s ,MemNN
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