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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. 
Key words recurrent neural network; long short term memory network; memory network; neural turing 
machine; natural language processing 
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pos k pos k pos k

+ = +

+ = -

̂28̃ 

ԅ ᵝ ̆ ӊ ᵝ

῏ ץ ᵝ ⌠Ȃ 

‰ WMT 2014 - WMT 

2014 - ԅ ᴇȂ

ᶏ Adamᴨ [10]̆ῒ ҹ

1 2=0.9 =0.98b b̆ ץ
-9=10e ̆ Ҋ Ὲ

Ҭ ӟ ̔ 

0.5 0.5

model

1.5

min( _ ,

_ _ )

ratel d step num

step num warmup steps

- -

-

= ?

×
 

̂29̃ 

Ὲ ⱴ ѿҩ warmup_steps

ӟ ̆ӊ ҍ ᵞ ӟ

̆ warmup_stepsҹ 4000Ȃ 

ҩ ₮ ᶏ ԅ

Dropout
[11]̆ ᶏ ԅ ѿ Ȃ

ᶏ 0.1dropP = Ȃ Ҭᶏ

[12]̆ῒ ҹ 0.1lse = Ȃ 

ԅץҊ 5ҩ

Ȃ 

ByteNet ̔ WMT 2014 -

҉ Ȃ ԍ ̆

₮ ↓ ҉ ҹ ῀ 1.2 ṐȂ

ᶏ ԅ ̂Dilated Convolutioñ

ⱴ ῒ̆ ׆ 1 ̆

ⱴѿṐ̆ ⌠ 16Ȃ 

Deep-Att+PosUnk ̔ WMT 2014 -

҉ Ȃ ԍ

ᶏ 256 ῀ ̆ LSTM ΐ

512ҩ Ữ ᾝ̆ ₮ ҍ

Ȃ 

GNMT+RL ̔ WMT 2014 -

WMT 2014 - ңҩ ҉ Ȃ

8ҩ 8ҩ ̆ ҩ

ᶏ 1024 ҩ LSTM ȂῒҬ ⱬ
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ѿҩ ╠ ̆ ѿҩΐ 1024 ҩ

Ȃ 

ConvS2S ̔ WMT 2014 -

WMT 2014 - ңҩ ҉ Ȃ

ᶏ ԅ 512ҩ ᾝ̆ ғ

῀ ҹ 512Ȃ ᶏ ⱴ

̆ ꜚ ṿҹ 0.99̆

0.1 ’Ҋ ῒ ѿ ̆ ӟ ҹ 0.25Ȃ 

MoE ̔ WMT 2014 - WMT 

2014 - ңҩ ҉ Ȃ

ԍ GNMT ̆ҹԅ⁞ ̆

Ҭ LSTM №≢ ҹ 3

2̆ ѿ ╠ ῀ԅ

MoE Ȃ ҩMoE 2048ҩҒ ̆ ҩ

Ғ ΐ 200҆ҩ Ȃ 

BLEU№ ҍ׃

̆ 3 ̆ ץ ₮

ᴋⱵ҉ ץ

ᴨ Ȃ 

ԍ ̆ ֲ ҉ ԅ

ױז̆ 4 Ȃ

表 3  变送器与其他模型的实验结果对比 

 
BLEU№  ̂ ̃ 

EN-DE EN-FR EN-DE EN-FR 

ByteNet
[13]

 23.75    

Deep-Att + PosUnk
[14]

  39.2  1.0¥10
20 

GNMT + RL
[15]

 24.6 39.92 2.3¥10
19

 1.4¥10
20

 

ConvS2S
[16]

  25.16 40.46 9.6¥10
18

 1.5¥10
20

 

MoE
[17]

 26.03 40.56 2.0¥10
19

 1.2¥10
20

 

Deep-Att + PosUnk Ensemble
[14]

  40.4  8.0¥10
20

 

GNMT + RL Ensemble
[15]

 26.30 41.16 1.8¥10
20

 1.1¥10
21

 

ConvS2S Ensemble
[16]

 26.36 41.29 7.7¥10
19

 1.2¥10
21

 

Transformer (base model) 27.3 38.1 3.3¥10
18

 

Transformer (big) 28.4 41.0 2.3¥10
19

 

表 4 基于变送器的记忆网络模型 

   ᵬ   

DTN[18] 2017 ׆  Ҭ ӟ  ῏  Ἕ№◓ 

WTN[19] 2017  ᶏ ҩ ⱬ№ ף ⱬ ȁ   

AAN[20] 2018  ⱬ └ ⱴ   

BlendCNN[21] 2018  ᵬҹ CNN ⁞ ῤ  №  

Action 

Transformer[22] 
2018  ᶏ ҹֲ  Ҋ ҹֲ №  ҹ ≢ 

Universal 

Transformers[23] 
2018  ᶏ  

ԅ Ҍ ↓ᶭ ῏

 
ᴋⱵ 

Evolved 

Transformer[24] 
2019   ╠ ↓   

Set Transformer[25] 2019  ᶏ ⱬ └  ῀ ᾝ ӊ ֜ԑ ҩᴋⱵ 

Transformer-XL[26] 2019  
ⱬ └ ῀ ᵝ

 
ᶭ ῏   

计
算
机
学
报



12          2020  

 

2.6  小结与分析 

Һ ׃ ԅ Ҭ

̆Ӟ ̔RNNȁLSTMȁNTMȁ

MN ץ̆ ױ Ȃ

₃ № ̆ 5 ̆ ץ

₮̔ 

̂1̃RNN ↓ ̆

ӟ ↓╠ ӊ ᶭ ῏ Ḡ №

Ḥ ̆ΐ ⱳ Ȃ 

̂2̃LSTM RNN ҉ ῤ

ḱ ̆ ⱴԅ ׆̆

⌠ Ḥ Ȃ 

̂3̃NTM RNN ҉ ̆

Ṣ ԅ ̆ᶏ

Ҭ Ώ ᵬ̆ ᶏ ԅ Ữ

Ȃ 

̂4̃MNҍ NTM ᶏ ԅ Ữ

ⱳ ̆ᵖ NTM ̆

ӟ ҹ ̆ MNΐ

ⱬȂ 

̂5̃ ԅ RNN ֽ̆ᶏ

ⱬ └ - ̆ ҩ

῀ ↓ ↓ҍ ₮ ↓ ╠ ҩ ₮

̆ ╠ ₮ ῀

↓҉Ҋ ̆ ҉Ҋ ╠

₮ ᴆ ׆̆

ᴋⱵȂ - ⱬ └̆ҍ

MN Ҭ №₱ ᵌ ᵬ ̆ ᵀ

῀ ↓ҍṜ ₮ӊ ῏ Ȃԋ Ҍ

ԍ̆ Ҭ ↓ ⱬ̆Ӟ

ᶏ Ҧ ԅ ⱬ̆ᵖ

̆ ≠ԍ GPU Ȃ MN Ҭ

῀ ↓Ḡ Ữ Ҭ̆

₮ҍ ῏ Ȃ 

̆ ױ ҉ ΐ ⱳ

ҹ Ȃ Ҋѿ ̆ ҉

№ ׃ Ȃ

表 5 记忆网络基础模型对比 

   ᴨ   

̂RNÑ 1986  ╠ ᴰ Ḥ ץ  ↓ ꜚ ҹ ӟ  

̂LSTM̃ 1997   ңҩ ץ └Ḥ ᴰ  ԍ  

̂NTM̃ 2014  Ữ  ᶏ Ữ  ӟ  

̂MÑ 2014  Ữ  ΐ ⱬ ѿ 

̂Transformer̃ 2017  ⱬ └ ̆ GPU  ᵝ Ḥ  

3 记忆网络模型扩展 

҉ѿ ׃ ԅ ̆ ԅ

RNNȁLSTMȁNTMȁMN Ȃ ӊ ̆

֓ ҉ ԅ

ῒ̆ҬҺ ԍ RNN ȁ

ԍ LSTM ԍMN Ȃ 

3.1  基于RNN的扩展模型 

ԍ RNN ̆ ῖ ԍ

ԍ ⱬ └

RNNȁΐ RNN ԍ

ӟ RNNȂ ԍ RNN

̆ ѿ № ҌῬ Ȃ 

3.1.1  ԍ ⱬ └ RNN  

ԍ RNN ᾝΐ ̆Ҍ

Ữ Ҭ Ḥ ̆

ᶭ Ḥ Ȃ ԍ ⱬ └ RNN

̂ Attention-based Memory Selection Recurrent 

Network̆AMSRÑ[49]̆ ⱬ └ Ữ

Ҭ ῏Ḥ ̆ ⱬ

Ḥ Ȃ 

AMSRN Һ ᴰ LSTM ⱬ └

ң № ȂLSTM ῀ ↓̆

Ữ ҩ ₮Ȃ ⱬ └

Ữ ₮Ḥ ᵬҹ ῀̆ ҍҊѿҩ

ᴆ № Ȃ 

̂ 1̃LSTMȂ LSTM ῀ ↓

1 2{ , , , , }tx x x ̆ ҩ tx N ᵝ ̂1-of-Ñ

Ȃ ҩ LSTM ₮ ѿҩ d

d

th R� ̆ t ┴ LSTM ⌠ Ḥ
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0 1 1[ , , , ]t tM h h h � Ȃ 

̂2̃ ⱬ └Ȃ ׆ ╠

th ңҩ d
1hw 2hw ̆ ԍ LSTM

ỮḤ
0 1 1[ , , , ]t tM h h h � Ȃ ׆ ╠

th

d
tk ᵬҹ ⱬ └ ̔ 

 
t kh t kk W h b �               ̂30̃ 

ῒҬ̆
d d

khW u� d

kb �

ⱬ └ ӟ Ȃ 

tk ҍ LSTM Ữ Ḥ

0 1 1[ , , , ]t tM h h h � Ҭ ҩ ih ῤ ᵌ tie ̔ 

 1( )ti i h te h w k �            ̂31̃ 

ῒҬ ᾝ ӗ ̆ � ῤ Ȃ

1i hh w LSTM ỮḤ 0 1 1[ , , , ]t tM h h h � 

ҩᾝ ѿ ╠ th 1hw ѿ

ᶛ ̆ ҩ ┴

1i hh w ҍ tk ᵌ Ȃ 

softmax₱ ᵌ tie ѿ ⌠

ⱬ tiD ̔ 

 
1

0

exp( )

exp( )

ti
ti t

tii

e

e
D

�

 

 

¦
           ̂32̃ 

ⱬ └Ӟ
2hw ih ⌠

ihc̆

̂72̃ ԍ
ih ҩ№ ҍ ῏

tr ῏

Ȃ ῏
tr ⱬ

tiD ҍ
ihc ⱴ

⌠̔ 

 
2i i hh h wc                  ̂33̃ 

1

0

t

t ti i

i

r hD
�

 

c ¦                 ̂34̃ 

̆ ⱬ ῏ tr th

Ҋѿҩ ᴆ № ̔ 

softmax( )w ph t pr t pP W h W r b � �    ̂35̃ 
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LSTM+ ⱬ └ 134.09 93.74 102.04 

LSTM+ ⱬ └+ └ 133.36 92.49 86.85 

RMN 123.32 64.41 121.28 

RMR 134.30 71.04 145.24 

7 ԅҌ Ҍ ҉

Ȃ ̆ ᾢ ῖ LSTM

̆ LSTMҬ ⱴ ⱬ └ ̆

ץ ⱬ └ Penn Treebank

Switchboard ңҩ ꜛ̆ᵖҌ

Gigaword҉ Ȃ ғ ԍ ⱬ

└ ῏ ̆ Ȃ 

ӊ ̆ ₮ ҍ ңҩ ԍ

ⱬ └ ̆ RMN̂ Recurrent 

Memory Network̃ RMR̂Recurrent Memory 

Recurrent̃[30]ȂAMSRN ңҩ ҉

Ҍ RMN RMR̆p Ҭ ҉

Ȃ RMN RMR ֽ

҉ ⌠ ̆ ԍҬ ≢

Ȃ ̆ ₮ AMSRN Ҍ ҉

ѿ ̆ᵖ Ȃ 

3.1.2  ΐ RNN 

Mikolov T ֲ

ḱ [31]̆ ₮ԅѿ ΐ ҉Ҋ RNN̆ᶏ

ᾝ ̆ ѿ

̆ΐ ҍ LSTM ̆ῒ

11 Ȃ 

tsth

ty

tx
BA

U V

R DP

 
11  ΐ ҉Ҋ RNN 

ԍ ̆ th ԍ╠ѿ

┴ 1th � ╠ ῀ tx ̔ 

 1( )t t th Ax RhV � �            ̂36̃ 

ΐ ҉Ҋ RNN̆ ⱴԅѿҩ ԍ

ᶭ ῏ ts ̔ 

 

1

1

(1 )

( )

( )

t t t

t t t t

t t t

s Bx s

h Ps Ax Rh

y f Uh Vs

D D

V

�

�

 � �

 � �

 �

      ̂37̃ 

̆ ĂR̆B̆P̆U ̆V

ṿ ̆0 1Dd d Ȃҹԅ Ҍ

҉ ҉Ҋ ῏ ̆ ᶏץ ᾝ ҹ 0 1

Q ף D ̆ ╠ ┴ tӊ╠ kҩ

┴ ᶭ ῏
ks , 1, ,k t t K � � Ȃ 

Penn Treebank Corpus Text8

҉ ̆ ҍ ‰ LSTM RNN Ȃ

̆ ץ ΐ

҉ ҍ LSTM Ȃ 

3.1.3  ԍ ӟ RNN 

ӟ ԅᴰ

ף ӟ ᴰ ̆

῀ ̆ᶏ ≠№ᾟץ

̆ Ҍᴪ ̆ ₃ҩ

ӊ Ạ₮‰ [32]Ȃ 

̂1̃ᾝ ӟ  

ԍѿ ӟᴋⱵ̆ ᶏ ӟ ₱

L θȂ ԍᾝ ӟ№ ᴋ

Ⱶ̆ 12 ̆ ᶏ ₱

( ; )L D T ^ `
1

,
t

i i i
D x y

 
 № ( )p D

҉ ̔ 

 
*

( )arg min [ ( ; )]D p DE L DTT T     ̂38̃ 

t ┴̆ ῀ ᾢ╠

1ty � tx Ȃ ᾝ ӟ

ҍ ̆

῏ ⌠ ԍ ₱ ṿ

҉Ȃ 

计
算
机
学
报



 15 

 

1( , )t tx y �

. . .

1( , )t tx y� 1( ,0)x 2 1( , )x y

. . .

 

12  ᾝ ӟ№ ᴋⱵ  

̂2̃  

ᵬҹ ̆ ҹ

ץ ̆ ᶏ

Ữ ̆ ᾝ ӟ

Ȃ └ LSTM ╠ ̆ᶏ

Ώ ҍ Ữ ֜ԑȂ 

ᵖ ̆ᴰ ԍ ↓

ᴋⱵҌ ᶃ ̆ Ώ῀ Ữ ᶏ

, ᶏ ̂Least 

Recently Used Access̆LRUÃȂ ҩ ᶏ

ԍῤ ỮΏ῀̆ Ữ Ḥ Ώ῀

ᶏ ᶏ Ữ ᵝ ȂLRUA

῏Ḥ ‰ ץ̆ ԍῤ Ȃ

Ώ῀ Ḥ ⌠ ᶏ ᵝ ̆Ḡ

Ḥ ̆ Ώ῀⌠ ᶏ ᵝ ̆

῏ Ḥ ᵬҹ Ữ Ȃ ң Ώ῀

ᾢ╠ Ώ ᶏ
u

tw ᶛ ӊ

ṿ Ȃ ҩ ┴ ⁞ᾢ╠ ᶏ

1

u

tw �
ⱴ ╠

r

tw Ώ
w

tw ᶏ

u

tw ̔ 

1

u u r w

t t t tw w w wJ �m � �           ̂39̃ 

ῒҬJ ѿҩ ⁞ ̆
r

tw ѿ └

tk Ữ tM ᵩ ᵌ ⌠̔ 

 
( )

( , ( ))
( )

t t
t t

t t

k M i
K k M i

k M i

�
       ̂40̃ 

 
exp( ( , ( )))

( )
exp( ( , ( )))

r t t
t

t tj

K k M i
w i

K k M i
m

¦
    ̂41̃ 

ᶏ sigmoid ₱ ᾢ╠
1

r

tw �

ᶏ
1

lu

tw �
€ ̆ ⌠Ώ῀ ̔ 

 
1 1( ) (1 ( ))w r lu

t t tw w wV D V D� �m � �   ̂42̃ 

ῒҬD ӊ ṿ Ȃ ᶏ

1

lu

tw �
ѿҩᵝ ₱ ̆ ( )u

tw i ԍ

w

tw Ҭ ᾝ ̆ ҹ 1̆ ↕ ҹ 0Ȃ 

Ώ῀ └ tk Ữ

̔ 

 
1( ) ( ) ( )w

t t t tM i M i w i k�m �      ̂43̃ 

̆ Ώ῀ ҹ ᾢ

╠ᶏ Ữ Ҭ̆ῒҬᶏ ᴪ

Ȃ 

ҹ RNN ӟҬ └ӊѿ̆

ᶏ └̆ Ḥ ҍץ ╠

Ḥ ׆̆ RNN ӟȂWang J ֲ

₮ԅѿ RNN └[33]̆ᶏ ѿ

ꜛ ᾝ̆ № ԅ Ữ ₮

̆ ԅѿ

ӟ Ȃ ᾥ ԅ ӟ Ữ ₮ӊ ‖

̆ ץ ῤ

ӟ Ḡ ⱬȂ 

ԅ҉ ₃ ץ ̆ Ḥ

↕ [34] ᴨ RNN Ḃץ̆ ӟ

ᶭ ῏ Ȃ 

̔ ₱ ≢

Ṝ̆ ԍ Ҋ ṿ

Ẓ ̆Ẓ ╠ Ȃ

ṿ Ẓ

ץ̆ ᾧẒ ╠ № Ȃ 

ң ̆ѿ

ӊ╠̆ ᾝ ֟ Ȃ

ѿ ӊ╠̆ g g ̆

g v> Ṝ̔ 
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gv

g
g

¬                  ̂44̃ 

ῒҬv ҉ ̆ g Ȃ

ҹ ̂ Ҍ ̆ Ẓ ̃

ҩ ̆ ץ ѿ

ΐ ᴨ Ḡ ԅ ҩ ׅ

Ȃ ҍ ΐ

̆ ̆

Ȃ ᾧ

Ȃ 

ᴰ Ҋ ⌠ ҹ

Ẓᵀ ̆ ᶏ Ҋ ῀

ԅ ԍ Ẓ Ȃ ᾝ

̆ ҍ

ҌῬΐ Ẓᵀ ῏ ̆ᵖׅ Ҋ

Ȃ 

Ḥ ↕ ̔ ꜛԍ ᾧ

̆ᵖ ꜛԍ Ȃҹԅ ‗

ᶏ ӟ ↓

ᶭ ῏ ̆ ץ Ҭ ῀ ↕

ץ̆ ᶏ ₱ ױ

Ȃ ᶏ ₱ Ҭ̆ ӟ ↓

῀ ↕ ̆Ӟ ( )th
LÑ

ᴰ Ṝ Ḡ ῒ Ҍ №҉Ҋ

ꜚ̆ Pascanu R ֲ[35] ₮ԅ ₱ Ҭ

῀ ↕ ̔ 

 

( )

( )

2
( )

( 1)
( )

= 1

t

t

t

th

t h

h
L

h

L

-

¶ ÷ç ÷Ñç ÷ç ÷¶ç ÷ç ÷W -ç ÷ç ÷Ñ ÷ç ÷ç ÷ç ÷ç

å      ̂45̃ 

ᶏ ↕ ҍ ‰

̂ ̃ ̆ ץ ⱴ RNN

ӟ ↓ᶭ ῏ Ȃ 

3.2  基于LSTM的扩展模型 

ԍLSTM Һ ԅңҩ

̆№≢ ԍ LSTM̆ץ ԍ

LSTMȂ 

╠ ԅ῏ LSTM LSTM ңҩ ԍ

LSTM Ȃ ԅ LSTM ԍ

ӟ ңҩ

Ȃ 

3.2.1  ῏ LSTM 

LSTM ԍ ↓ ȁ ≢

Ҭ̆ᵖ LSTMׅ ңҩ Ȃѿҩ

ᾝ ҍ ᾝ ҩ ῏̆ΐ

hN ҩ ᾝ LSTM

ᾝ ҩ
2( )hO N Ȃ ѿҩ LSTM Ώ

Ữ └̆Ҍ

Ȃ Danihelka I ֲ ₮ԅ῏

̂Associative Long Short-Term Memory̆

ALSTM̃[36]̆ LSTMҍῃ ⁞ ̂Holographic 

Reduced Representations̆HRR̃ ̆≠ -

ṿ Ữ̆ᶏ Όᵩ Ữ ⱴ Ữ ̆

⁞ Ҭ ̆ ҩ ᴋⱵ

ӟ Ȃ 

HRR ѿ -ṿ

῏ Ȃ ҩ ṿ ҩ῏

̆ ȂẊ

ѿҩ [1] [2]
( [1] , [2] , )r ri i

r rr a e a e
I I

 ̆

-ṿ ᾝ ӗ ѿ ̔ 

 

( [1] [1]) ( [2] [2])
( [1] [1] , [2] [2] , )r x r xi i

r x r xy r x a a e a a e
I I I I� �

 �  

̂46̃ 

1 2 3, ,r r r
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real

imaginary

h
h

h

ª º
 « »

¬ ¼
                ̂48̃ 

ῒҬ /2
, ,h hN N

real imaginaryh h h� � Ȃ 

ᾢ̆ᶏ LSTMҬ ̆

ӈ῏ ˆ ˆ,i or r ̆ ᶏ

̔ 

1
ˆ ˆ ˆ ˆ ˆ, , , ,f i o i o xh t hh t hg g g r r W x W h b� � �    ̂49̃ 

 
1

ˆ
xu t hu t uu W x W h b� � �         ̂50̃ 

ӈѿҩ҉ ₱ ̆

└ 0 1ӊ ̔ 

/
bound( )

/

real

imaginary

h d
h

h d

ª º
 « »

¬ ¼             ̂51̃ 

max(1, )real real imaginary imaginary

d

h h h h

 

�

/2hN
� ̂52̃ 

ῒҬ/ ᾝ ̆ ᾝ ӗ

Ȃd ԍ 1 ̆ ҩ

ѿ Ȃ ᶏ ҉ ₱ ⌠ ₱ uȁ ῀

₱ ir ₮ ₱ or ṿ̔ 

 

ˆbound( )

bound( )

bound( )

i i

o o

u u

r r

r r

 

 

 

               ̂53̃ 

ῒҬ hN

ir � ῀ ̆ᵬҹ῏ Ҭ

Ữ ̆ hN

or � ₮ ̆ Ȃ ₱

u ῀ ig ӗ ⌠ Ữ ṿȂ 

ҹԅ⁞ ̆ ⱴԅΐ ↓ Ό

ᵩ◐ Ȃ ԍ ҩ◐ {1, , }copiess N 

̆ -ṿ ⱴ⌠ ᵝ ᾝ

ᾝ҉̔ 

,

0

0

s

i s i

s

P
r r

P

ª º
 « »

¬ ¼
               ̂54̃ 

, , 1 , ( )s t f s t i s ic g c r g u� � �      ̂55̃ 

ῒҬ̆
,i sr ῀ ̆

/2 /2h hN N

sP
u

�

ѿҩ ṿҹ ↓ ̆ ԍ sҩ

◐ Ȃ� ᾝ ӗ ̆ ӈҹ̔ 

 
real real imaginary imaginary

real imaginary imaginary real

r u r u
r u

r u r u

�ª º
�  « »

�¬ ¼
̂56̃ 

 ҩ◐ ₮ ,o sr ҍ ῀ ,i sr

̔ 

,

0

0

s

o s o

s

P
r r

P

ª º
 « »

¬ ¼
               ̂57̃ 

ҩ◐ ṿ̆ ⌠ ᾝ

̔ 

, ,

1

1
bound( )

copiesN

t o o s s t

scopies

h g r c
N  

 �¦  ̂58  ̃

3.2.2  LSTM 

Zhang X ֲ ₮ [37]

̂ Tree Long Short-Term Memory Networks ̆

TLSTM̃̆ ԍ LSTM ↓ ̆ ᵀ

ᶭ ӈ ₮ Ȃ

ԍ ̆ ᶭ ̆

ᶭ ӊ ῏ ̆ ѿ

TLSTM ⱬȂ 

ᶭ ӈ̔ᶭ ( )D w

╠ wӊ ̆ ҉ ױ

Ȃ 0w Ҭ ̆ 1 2, , , n

ῒ ᶭ Ȃפ LEFT 0w ѿҩ ᶭ ӊ

Ȃ kw 0w ᶭ ׆̆ 1kw � ⌠ kw ҹ

NX-LEFT̆ 13 ᶭ Ȃ ᵌ

ӈ ᶭ RIGHT NX-RIGHTȂ 
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0w

1w
1kw �kwnw

LEFT

NX-LEFT

 

13  ᶭ  

ᶭ ӈ̔ ̆

῀ T ᴆ ’Ҋ̆

₮ S Ȃ ᶭ

ᵬ ̆Ẋ ᶭ T ץ ᴨᾢ

̂breadth-first search̆BFS̃ ҉ Ҋ ̆

׆ ROOT Ȃ ԍ ѿ ᾢ̆ ᶭ

⌠ ̆ ץ ᶭ ̆

ῒ 14 Ȃ 

Ẋ ᶭ Ҭ wֽץᶭ ҹ ᴆ̆

ᶭ T̆ S ᴆ ҹ̔ 

( )\

( | ) ( | ( ))
w BFS T ROOT

P S T P w D w
�

 �   ̂59̃ 

 

1w2w3w

0w

1w 2w 3w

0w1w

1w2w

2w

3w

0w

4w 5w 6w

4w 5w

0w

 

14  TLSTM  

̔ᶭ ( )D w < ̆

>ᾝ ↓ ᶏ̆ ҩ LSTM ӟ̆

ҩ LSTM №≢ ̂LEFT̆

NX-LEFT̆RIGHT̆NX-RIGHT Ȃ̃ ҩ ┴̆

LSTM̆ ѿҩ ᵬҹ

῀ ῒᶭ ᾞ ̆҉ ̆

ץ ᵬ ⱴ Ȃ 

┴ > @1,t n� פ̆ ,t tw zc c ( )tD w Ҭ

҉ѿҩᾝ ̆Ҋ t tc w ᴨᾢ

̆

^ `LEFT,RIGHT,NX-LEFT,NX-RIGHTtz �

Ȃҹԅ⁞ פ̆ ҩ LSTM

῍֣ ῀ W H̆

Ẓ Ȃ Ӈ ┴ t ̆ [:, ]H t ᶭ

( )D w ҹ̔ 

 

( )

LSTM ( , [:, ])

[:, ]

t

t e t

z

t t

t

t ho t

x W e w

h x H t

H t h

y W h

c �

c 

c  

 �

    ̂60̃ 

ῒ Ҭ
s V

eW
u

� ῀ ̆

V d

hoW
u

� ₮ ̆ῒҬ V ῖ

Ҭ ҩ s̆ ῀ d̆

ᾝ Ȃ
( 1)d nH u �� ῍֣ ̆

( )te w tw Ȃ LSTMtz ҹ

LSTM Ȃ t ┴̆ ῀ tx ╠ѿ ┴

th c̆ ₮ ╠ ┴ th Ȃ 

ԍ LSTM̆ Ӈᶭ

( )tD w softmax₱ ̔ 

 
| |

1

exp( , )
( | ( ))

exp( , )

t t
t t V

tk

y w
P w D w

y k
c 

 
c¦

   ̂61̃ 

ᶭ ̔TLSTM ԅ ѿ Ҭ

ᶭ ӊ ԑᵬ ̆ ҉ Ҭ ⱴ

ѿҩ LSTM̆׆ ᶭ ⌠ ̆ ҹ ᶭ

̆ 15 Ȃ 
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1soft max( tanh( ))t T

j j x t tp u W W x WJ JJ J � � �

̂72̃ 

̔ 

 
1

m
jt t

j

j jt

p
JJ

DD  

ª ºª º
 � « »« »

¬ ¼ ¬ ¼
¦            ̂73̃ 

ѿҩ ₱
tr ⌠

Ữ ̔ 

( [ , ])t r t tr W xV J �            ̂74̃ 

Ӈ ╠ ┴ Ữ tc

th ҹ̔ 

 ˆ
t t t t t t tc r f c i cD u � u � u        ̂75̃ 

 tanh( )t t th o c u            ̂76̃ 

Penn Treebank ԅ

̆ ҍ RNNȁLSTMץ ҩ LSTM

̆ ԅ ᵞ Ȃ

Stanford Sentiment Treebank ԅ №

ҍ̆ LSTM ҩ ᾢ

̆ ̆ ᴨԍ LSTM ̆

ғҍ ᶃ T-CNN Ȃ 

3.2.4  ԍ ӟ LSTM  

ӟ Ҭ̆׆ Ҭ ӟ

ѿҩ Ȃ ȁ ҉̆ᴰ

ӟ Ҍ ׆ Ҭ

ӟ Ȃ ⌠ ӟ Ἕȁ

̆ Ḥ ⱴ

ӟ ̆ [40] ₮ԅ ӟ

Ȃ 

ᶏ ‗ ӟ Ȃ

ѿҩΐ k ҩ Ἕ -

1{( , )}k

i i iS x y   ̆ ӟ⌠ № ˆ( )Sc x

ᶛ x̂ № ̆ ⌠ x̂ ≢ ŷ Ȃ Ӈ

ˆ( )SS c xo ҹ ᴆ

ˆ ˆ( | , )P y x S ̆ ˆ ˆ( | , )P y x S

ӟ ⌠̆ ҹ ӟ⌠ Ȃ 

̂1̃  

῀ ᶛ x̂̆ ₮
1

ˆ ˆ( , )
k

i i

i

y a x x y
 

 ¦

ᴆ ˆ ˆ( | , )P y x S ̆ ⌠ ᶛ

≢ ˆ( )Sc x ȂῒҬ̆ ,i ix y Ҭ ᶛ ̆

a ⱬ ₱ ̆ ᶛ x̂

ᶛ ix Ȃ ⱬ₱ a ᵩ

₱ c softmax ₱ ̆ ῒ

ѿ ̔ 

ˆ ˆ( ( ), ( )) ( ( ), ( ))

1
ˆ( , ) /i i

kc f x g x c f x g x

i j
a x x e e

 
 ¦  ̂77  ̃

ῒҬ ᶛ ᶛ ῀

₱ ̆ ἝᴋⱵҬᶏ

̆ ᴋⱵҬᶏ ῀ Ȃc ᵩ

̆ ᶛ ᶛ Ȃ 

̂2̃  

₱ ҹ ( , )ig x S ̆ῒ

ҹ LSTM̔ ( , ) ( )i i i ig x S h h g xc � � Ȃ ҩ

LSTM ῀ ↓ҹ S Ҭ ҩ ̆

( )ig xc ῀ ᶛ ix Ȃ 

ῒҬ̆ 

1 1

1 1

, LSTM( ( ), , )

, LSTM( ( ), , )

i i i i i

i i i i i

h c g x h c

h c g x h c

� �

� �

c 

c 
     ̂78̃ 

ῒҬ ih ᾝ ic LSTM

₮̆ h ῀ ׆↓ | |i S Ȃ 

̂3̃  

ԍ ᶛ x̂ ῀₱ ˆ( , )f x S

ⱬ └ LSTM attLSTM( , , )� � � ̆ Ҋ̔ 
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ˆ ˆ( , ) attLSTM( ( ), ( ), )f x S f x g S Kc   ̂79̃ 

ῒҬ f cҍ gc ᵬ ᵌ̆ ῀⌠ LSTM

ᶛ K̆ LSTM ף

̆ ( )g S ׆ S ⌠ ҩᾝ
ix

῀₱ Ȃ 

k ף ̆ Ҋ̔ 

1 1 1

| |

1 1

1

1 1

ˆ ˆ, LSTM( ( ),[ , ], )

ˆ ˆ( )

( , ( )) ( )

( , ( )) softmax( ( ))

k k k k k

k k

S

k k i i

i

T

k i k i

h c f x h r c

h h f x

r a h g x g x

a h g x h g x

� � �

� �

 

� �

c 

c �

 

 

¦
 ̂80  ̃

ῒҬ̆LSTM( , , )x h c Ҭ x ῀̆ h

₮ ̆ c ᾝ Ȃ a ԍῤ

ⱬ └Ȃ׆ ( )g S Ҭ ⌠ 1kr � ҍ 1kh �
ⱴ

Ȃ ѿ ₮ҹ ⱬ └

LSTM ˆattLSTM( ( ), ( ), ) Kf x g S K hc  Ȃ 

3.3  基于MN的扩展模型 

ԍ MN Һ ԅңҩ

̆№≢ ԍ MN̆ץ ԍ

MNȂ 

ῒҬ̆ ԍ MN ԅ ⌠

ȁ ⌠ ȁꜚ

̂Dynamic Memory Networks̆DMÑȁ -ṿ

̂Key-Value Memory Networks K̆V-MemNN ȁ̃

№ ̂Hierarchical Memory Network̆

HMÑ ԍԋ № ⱬ

̂Hierarchical Attentive Memory̆HAM̃Ȃ ԍ

ԅ ԍ

MNȁ ԍ DMNȁ

ԍ KV-MemNN ԍ

HMNȂ 

3.3.1  ⌠  

MN ԍ ҉

ӟ̆Ҍ ᴰ Ȃ ₮

ԅ ⌠ [4]̆ ₮ӊ╠׆

Ữ ̆ ԍ Ҍ ӟ

ᴋⱵȂ 

⌠ Ẋ ῀ҹ Ữ

Ữ Ҭ
1, , nx x q̆ ₮ҹ aȂ

xΏ῀ Ữ ̆ ᶏ

῀ ⌠ x q ̆

₮ aȂ 

̂1̃ ̔ 19 Ȃ

῀ ^ `ix ᶏ Ҍ ῀ №̆≢

⌠ ῀ ^ `im ᴰ ⌠ ₮ ^ `ic Ȃ

῀ ^ `im ҍ u ῤ

̆ ᶏ ѿ ₱ ̆ ⌠ ҩ ҍ

῏ ip Ȃ ῏ ip ҍ ₮

^ `ic ⱴ ̆ ⌠ ₮ oȂ ₮

oⱴ҉ ŭ ҍ W ӗ̆

⌠ âȂ 
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W¦o

ic

ip

im
῀  A

῀ C

{ }ix
Softmax

ⱴ
u

Softmax

â

῀

₮

q

῀  B

 

19 

̂2̃ ̔ ╠ ̆

⌠ ̆ 20 Ȃ 

̆҉ѿ ῀
1ku �
╠

ѿ ₮
ko ku ̆ ᶏ H

⌠
1ku �
̔ 

 
1k k ku Hu o�  �             ̂81̃ 

Ҍ ῀ ԍ ῀

῀{ }ix ̆Ӟ ᶏץ ѿ ῀ ץ̆

⁞ Ȃ 

W̆ ῀Ӟ ԅ Ữ

῀ ₮̆ ⌠ԅ

â̔ 

1ˆ soft max( ) soft max( ( ))k k ka Wu W o u�  �

̂82̃ 

⌠ ̔ 

̂Bag of Words̆BoW̃̔ ῀

ҹ ijx ף̆ iҩ jҩ ̆ᶏ

Ȃ Ӈ ԍ i ҩ

1 2{ , , , }i i i inx x x x ̆ ῀ ҹ ̔

,i ij i ijj j
m Ax c Cx  ¦ ¦ Ȃᶏ

῀ jj
u Bq ¦ Ȃ 

ᵝ ̂Position EncodinğPẼ̔Ҍ ᵝ

Ҍѿ ̆ ҩ

Ҍ ᵝ ⱴ ⌠

i j ijj
m l Ax �¦ Ȃ ԍ ȁ ῀ ₮

ȂῒҬ̆ 

 (1 / ) ( / )(1 2 / )k jl j J k d j J � � �   ̂83̃ 

̆ jl k jl ↓ ̆ ᵝ Ḥ Ȃ

J Ҭ ̆d ῀ Ȃ 

̔ Ḥ AT CT ңҩ

̆ ⌠ Ữ im ₮ ic

̔ 

 ( )i j ij Aj
m l Ax T i � �¦        ̂84̃ 

 ( )i ij Cj
c Cx T i �¦          ̂85̃ 

̆ ⌠ ᶏ Ҋ

, â

aӊ ֜ ̆ ῍ ӟ ῀

̆ Ȃ 
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{ }ix

¦

¦

¦

q

W â

1u

2u

3u

1o

2o

3o

1A

1C

2A

2C

3C

3A

B

 

20   

Penn Treebank Text8҉ ҍ̆

RNNȁLSTM ̂Structurally 

Constrained Recurrent Nets, SCRÑ ԅ Ȃ

̆ ңҩ ҉ ԅ ᵞ

Ȃ 

3.3.2  ⌠  

⌠ ᴋ

Ⱶ ̆ᵖ ῒ Ữ └ ӊ

֜ԑ̆ Ԋ ȁᵝ

ᴋⱵȂ ̆ [41] ₮ԅ ⌠

̆ ץ Ữ └

ӊ ̆ᶏ ꜚ

ԍῤ Ȃ 

⌠ Ҭ
1k k ku u o�  � ᵬ

ѿ ̆ Ὲ └

̆ ⌠ ⌠ Ҭ̆ ⌠ԅḱ

1ku �
̔ 

 ( ) ( )k k k k k

T TT u W u bV �         ̂86̃ 

 
1 ( ) (1 ( ))k k k k k k ku o T u u T u�  � � � �  ̂87̃ 

ῒҬ ,k k

TW b №≢ k Ẓ

̆
kT k Ȃ 

3.3.3  ꜚ  

Ҭ №ᴋⱵ ץ

῀ ҹ QA ̆ Kumar ֲ ₮ԅꜚ
[42]̆ ῀ ↓ ̆

֟ ῏ Ȃ 

ꜚ ῀ȁ ȁ ȁ

ҩ ̆ 21 Ȃ 

῀ ↓

 

21  DMN  

ῒҬ̆ ῀ ᴋⱵ ῀

№ Ȃ ҹ№

̆ ᴰ ⌠ Ҭ̆

ף ∆ Ȃ

ⱬ └ ⱬ Ҭ ֓ ῀

№̆ ֟ ѿҩ ⌠ ץ

╠ץ Ḥ Ȃ ҹף ᶫ ῏ ῀

῏Ḥ Ȃ

Ȃ 

̂1̃ ῀ ̔ 

Ҭ̆ ῀ IT ҩ

↓ 1, ,
ITw w ̆ᶏ ᾝ̂Gated 

Recurrent Unit̆GRŨ ῀ ȂẊ ҩ

┴ t ῀ҹ tx ̆ ҹ th ̆ Ӈ GRU ῤ

ӈ Ҋ̔ 

( ) ( ) ( )

1

( ) ( ) ( )

1

( )

1

1

( )

( )

tanh( )

(1 )

z z z

t t t

r r r

t t t

h

t t t t

t t t t t

z W x U h b

r W x U h b

h Wx r Uh b

h z h z h

V

V

�

�

�

�

 � �

 � �

 � �

 � �

    ̂88̃ 

ῒ Ҭ ̆ ᾝ ӗ Ȃ

( ) ( ), , H In nz rW W W
u

� ̆
( ) ( ), , H Hn nz rU U U

u
� ̆

n ѿҩ Ȃ ҩ ┴ ᶏ̆ GRU

ץ Ώҹ 1( , )t t th GRU x h � Ȃ 
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῀ҹ ҩ ̆ ῀ RNN

̆GRU ⌠ ₮ ҩ

C IT T ̆ҍ Ҭ ҩ פ̆
tc ῀

₮ ↓Ҭ t ҩᾝ Ȃ ῀ҹ ҩ

̆ ῀ ѿҩ ↓̆

ҩ ῀ѿҩ ̆ ҩ

῀ ̆ ₮ ҩ

CT ԍ ҩ Ȃ 

̂2̃ ̔ 

ҍ ῀ ᵌ̆ QT ҩ ̆

t ┴

1( [ ], )Q

t t tq GRU L w q � ̆ῒҬ L ῀ ̆
Q

tw

῀ ↓ tҩ Ȃ

₮
QTq q Ȃ 

̂3̃ ̔ 

ῤ ̆ᶏ ⱬ └

ῤ Ȃ ῀ ╠ ῀ ↓ c̆

q ᾢ╠
1im �
Ȃ ⱬ └ᶏ ₱

1( , , )i i

t tg G c m q� Ṝ Ԋ tc ҹ̆ԅ

₱
i

tg ̆ ᾢ ӈѿҩ ῀ cȁ m

qӊ ᵌ ̔ 

( , , ) [ , , , , ,| |,| |,z c m q c m q c q c m c q c m � �  

( ) ( ), ]T b T bc W q c W m ̂89̃ 

ᶏ ᵌ ( , , )z c m q ̆ ѿҩң

╠ ₱ ( , , )G c m q ṿ̔ 

(2) (1) (1)( , , ) ( tanh( ( , , ) )G c m q W W z c m q b bV � �

̂90̃ 

Ҭ̆ᴰ ⌠

GRU ̆ Ӈ ῀ ↓ 1, ,
CTc c ҉

ᶏ ḱ GRŬ ₱
i

tg ⱴ ̆

⌠ GRU t

1 1( , ) (1 )i i i i i

t t t t t th g GRU c h g h� � � � ᴰ ⌠

C

i i

Te h Ȃ 

֟
ie ӊ ̆

1( , )i i im GRU e m � Ȃ
MT ᴰ ̆

MT
m Ȃ 

̂4̃ ̔ 

Ӟ ѿҩ GRU ̆∆ ṿҹ

0
MT

a m ̆ῒ ₮ҹ
( )softmax( )a

t ty W a ̆ῒҬ

ta ҹ 1 1([ , ], )t t ta GRU y q a� � ̆ ╠ѿ ┴

₮ȁ GRU ⌠Ȃ 

Ҭᶏ ty ҍ ↓ № ֜

₱ ᵬҹ ₱ ̆ ᴰ ̆ᶏ֜

₱ ⌠҉ ҩ Ȃ 

Facebook bAbI ҉ ԅ

̆ 20ҩ ᴋⱵҬ ԅ 93.6% ‰

̆ ԍ 93.3%Ȃ

Stanford Sentiment Treebank (SST) ҉

№ ̆ № ԋ№ ᴋⱵ

№ ᴋⱵҬ ԅ ᾢ Ȃ ӊ ̆

‰ ᵀԅ

̆ Ҭ ԅ 97.5% ‰ ̆ҍ ᾢ

Ȃ 

3.3.4  -ṿ  

ҹԅ ‗ ̆ᶏ

QA ᴋⱵ̆Miller ֲ ₮ԅ ṿ
[43]̆ Ữ ᵬ ₮

ᶏ Ҍ ̆ᶏ ⱴ Ȃ 

KV-MemNN 22 ̆ ҉Ҋ

Ữ Ữ Ҭ └ -ṿ̂Key-valuẽ

Ữ ̆ῒҬ ԍ ̂keỹ Ữ̆

ԍṿ̂valuẽ ỮȂ ץ

ṿ ̆ᶏ Ҋ ‰

ᴰ ӟȂ 
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KV-MemNN ԍ ⌠ ̆

1 1( , ), , ( , )M Mk v k v ӈҹ ̆

ҹ xȂῤ ҈ ̔ 

↓

Ṝ῀

1 1 2 2 3 3
( , ), ( , ), ( , ), , ( , )

N Nh h h h h h h hk v k v k v k v

-ṿ Ữ

῀ ṿ ῀

ihp

Softmax

jR

1jq �

1, ,j H 

x

q

â

( )
iK hA k) ( )

iV hA v)
ȍ ↓Ȏ

ȍ Ȏ ȍṿ Ȏ

argmax

o 1Hq � ( )Y iB y)

 

22  KV-MemNN

̂1̃ ↓̂Key Hashing̃̔ ῀

׆ Ҭ ҍ ῏ Ԋ ̆ᶏ

̆ ⌠ ҹ N Ữ

1 1
( , ), , ( , )

N Nh h h hk v k v ̆ῒҬ ҍ ԍ 1000

ӊ ῍֣ѿҩ Ȃ 

̂2̃ ̂Key Addressing̃̔ Ữ

῏ ᴇȂ ̆ ҍ ̆

ᶏ Softmax ₱ ҩ Ữ
ihk ҍ x

ᵌ ̆ ⌠ ̔ 

Softmax( ( ) ( ))
i ih X K hp A x A k ) � )   ̂93  ̃

ῒҬ) D ₱ ̆ A ѿҩ

ҹd D´ Ȃ 

̂3 ṿ̃ ̂Value Reading̃̔ ṿ Ҭ̆

ⱴ Ữ ṿ̆

₮ ( )
i ih V h

i

o p A v )¦ Ȃ 

ԅѿ ᵬȂ ῀ x

( )Xq A x ) ̆ ṿ ⌠ ₮

oҍ q ⱴ ̆ ⌠ ῀⌠Ҋѿ

2 1( )q R q o � ̆ῒҬ 1R ѿҩ d du ̆

ғ j ҩ ̂hop̃ᶏ Ҍ jR Ȃ

ҩ ̆ ѿ ᴪ Ȃ

῀ q ⌠

1s o f t m a x ( ( ) )
i i

T

h j K hp q A k� ) Ȃ 

̆ Hҩ ӊ ̆ ₮

₮̔ 

1, , 1
ˆ argmax softmax( ( ))T

i C H Y ia q B y � )

̂91̃ 

ῒҬ iy Y� Ҭ Ṝ Ȃ

ᶏ ֜ ᵬҹ ₱ ̆ ⌠

ᴰ Ȃ 

3.3.5  №  

׆ Ữ Ҭ

̆ ̆ Chandar ֲ ₮ԅ

ԍ ῤ ̂Maximum Inner Product Search̆

MIPS̃ └̆ ԅ№

̂Hierarchical Memory Network̆HMÑ [44]Ȃ

№ץ Ữ ̆ҍᴰ

Ữ ̆

̆ Ȃ 

ҍ MN ̆HMN ΐ ңҩҌ Ữ

Ȃ 
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̂1̃ Ữ ̔HMNᶏ № Ữ ף

ᴰ Ữ ᾝ ↓̆ ₮ԅ҈ Ữ

̔ 

ŵ ԍ ↓̂hash̃ Ȃ № ҩ

ᾝ̆ ҍ ῏ ᾝ MIPSȂ 

Ŷ ԍ Ȃ ҉⇔

ᾝ ̆

MIPSȂ 

ŷ ԍ Ȃ ᾝ ҩ ῏

̆ ₮ҍ ῏ MIPSȂ 

̂2̃ ̔HMN ᴪ Ữ Ҭ

₮ ҉ᶏ ⱬ └̆

MIPS └ ̆ ᶏץ Ữ №

ῤ ῏ Ԋ ȂHMN

῀ MIPS̆ MIPS

Ԋ Ȃ 

HMN ₮ԅ K-MIPS ̔ ῀ѿ

1{ , , }nx xF  ѿҩ q K̆-MIPS

₱
( )argmax K T

i iq xF� ̆ῒҬ
( )argmax K

K

ҩᶏ
T

iq x ṿ 1{ , , }nx xF  Ҭ Ҋ

Ȃ F ԍ Ữ ̆q ῀ ⌠

Ȃ 

HMN ᶏ K-MIPS Ữ ̆

MIPSȂ ᶏ

softmax₱ ̆ ҩ ѿ ῏ Ṝ

ᾝ̔  

( )

( )

argmax ( )

softmax ( ( ) )

softmax( ( ) [ ] )

K T

K T

out

T

C h q M

R h q M

h q M C

 

 

 

  ̂92̃ 

ῒҬ ( ) dh q � ̆C Kҩ

MIPṜ ᾝ Ҋ ̆
N dM u� Ữ ̆

N Ữ Ҭ ᾝ ̆ [ ]M C M ̆

ῒҬ [ ]M C C ṿ ⌠Ȃ 

ԍ ᵌ K-MIPS Auvolat

ֲ ₮[45]̆ ᴨԍῒז ᶭ

ᵌ K-MIPS Ȃ ԍ ᵌMIPS ̆

MIPS ҹ ᵩ ᵌ ̂Maximum 

Cosine Similarity Search̆MCSS̃ ̔ 

( ) ( )argmax argmax
T T

K Ki i
i i

i i

q x q x

q x x
F F� �   ̂93  ̃

ix ̆MCSS

ҍ MIPS ᴇ Ȃ Ữ ᾝ ῀ ⱴ

ⱴ ̆ MIPS ҹ MCSSȂ Ữ

ᾝ ῀ ҉ᶏ P Qңҩ ᶏ̆

̆ MIPS MCSS̔ 

> @

2 4 2

2 2 2
( ) ,1/ 2 ,1/ 2 , ,1/ 2

( ) ,0,0 ,0

m

P x x x x x

Q x x

ª º � � �
« »¬ ¼

 

  

̂94̃ 

̆ ԍᴋᵥ q MIPS ΐ

ᵌ ᴇ῏ ̔ 

( ) ( )

2 2

( ) ( )
argmax argmax

( ) ( )

T
K T K i

i i i

i

Q q P x
q x

Q q P x�
  

̂95̃ 

MIPS ҹMCSSӊ ̆ ᶏץ K

ṿ [46]№ ᵌ ⱴ ᵩ ᵌ

Ȃ Ữ Ҭ ̆

Kҩ ̆ῒҬ K ҩ Ȃ 

ᵖ ̆ ⌠ ᵌṿ̆ Ҭᴪ

Ҋ ῀Ẓ ׆̆ HMN Ȃ

ҹԅ ‗ ҩ ̆ ₮ԅץҊ҈ ̔ 

̂ 1̃ᶏ K ҩ ᾝ ⱴ⌠

mini-batch Ҭ ҬȂ ץ

GPU ӗ Ӟ̆ ꜛԍ⁞ ᵌ

Ẓ Ȃ 

̂2̃ ԍ ̆Ҍֽᶏ ᵌṿ

₃ҩ ̆ ҍ ᶛ

№ ̆ ῒ ̆ Ӟ ⁞ץ Ẓ

Ȃ 

̂3̃Ӟ ץ Ữ ̆ ⱴ⌠

KҩṜ ᾝҬȂ 

3.3.6  ԍԋ № ⱬMN 

╠ ׃ ҹԅ

Ữ ₮ ̆ᵖ Ữ

Ȃ Ữ ΐ ( )n4
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̆ῒҬ n Ữ ̆ └ ҹ n

↓ ̆ 2( )n4 ̆

ᵞȂҹԅ Ăndrychowicz ֲ ₮ԅ№

ⱬ ̂Hierarchical Attentive Memory̆

HAM̃[47]̆ ԍ ᾝ ԋ ̆

ᶏ ץ (log )n4 Ữ ̆ ԍ

‰ ⱬ └ΐ ( )n4 ԅ

Ȃ 

HAM ԍԋ HAM

LSTM └ ̆ 23 Ȃ Ữ

ԋ ̆ῒҬ Ữ Ữ Ҭ

̆ῤ ѿ֓ ꜛ ̆

⌠ ῤ ꜛȂ 

3y2y
1y

mx1x

LSTM LSTM LSTM

HAM HAM HAM

...

...

 

23  HAM ᵣ  

Ẋ ῀ ↓ҹ 1 2, ,x x L ̆ ₮ ↓ҹ

1 2, ,y y L ̆ ғ { }, 0,1
b

i ix y Î ҹ b ԋṿ

̆ ῀ ↓ Ůn̆ῒҬ n 2 Ȃ 

HAM ԍΐ n ҩ ῃԋ

Ȃ 2 1V n= - ԋ ̆L VÌ

̆ ғ ( )l e ( )r e

e ̆ῒҬ \e V LÎ ҹῤ Ȃ 

HAM ԋ ⱬ └ҍ LSTM

̆HAM Ҋץ ҩ ̔ ∆ ȁ

ⱬ └ȁ ₮ Ȃ 

̂1̃ ∆ Ȃᶏ EMBED ( )ix

ṿ∆ ̆ ῀
ix ṿ∆

ҹ 0Ȃ ᶏ JOIN Ҋ ҉∆ ῤ ̆

⌠ ( ) ( )JOIN( , )e l e r eh h h= Ȃ 

̂2̃ ⱬ └ Ȃ׆ ҉ Ҋ

SEARCH ᵬ̆ ҹ p̆ ҹ

1-p̆ ⌠⌠ ̆ ⌠ ⱬ └

aȂ 

̂3̃ ₮Ȃ ⱬ └ a ṿ
ah

῀⌠ LSTMҬ̆ ⌠ ₮ { }0,1
b

ty Î ̆ sigmoid

₱ ⌠
ty № Ȃ 

̂4̃ Ȃ 24 ̆ ⱬ └

a ṿᶏ WRITE ̆ Ҋ ҉

ῤ Ȃ 

2h 3h

1h

4h 5h
6h 7h

8h 9h
10h

11h 12h ah 14h 15h

LSTMh : WRITE( , )a a LSTMh h h 

JOIN

JOIN

JOIN

 

24  HAM  

ῒҬ ĔMBED
b d®Ȁ ₱ J̆OIN

d d dұȀ ? ₱ ̆ SEARCH

[ ]0,1d lұȀ ₱ ̆ WRITE

d l dұȀ ? ₱ Ȃ ҩ ץ

ᶏ ᴋ ₱ ̆ᶛ

̂Multilayer Perceptrons̆MLPs Ȃ̃ 

ᶏ ӟ׆ ῀- ₮ Ҭ
[48]Ȃ x̆y ῀ ₮ ↓̆T

̆A Ҭ

Ȃҹԅ ⌠ ₮̆ ₮ y ᵌ

̔ 
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log ( | , ) log ( | , ) ( | , , )
A

L p y x p A x p y A xT T T
§ ·

  ¨ ¸
© ¹
¦

̂96̃ 

ᶏ № ̆ ҹ №Ҋ ̔ 

( | , ) ( | , , )
A

F p A x p y A x LT T d¦    ̂97̃ 

ᶏ ӟ ӟ ᵌ ̔ 

( | , )[ log ( | , , )
A

F p A x p y A xT T�  � �¦  

log ( | , , ) log ( | , )]p y A x p A xT T� ̂98̃ 

ᶏ ᵌ

ᵀ ṿȂ 

ᶏ LSTM ᵬҹ └ HAM ҍ

LSTM ᶏ ⱬ └ LSTM ̆

ȁFIFO ᴨᾢ ↓ ⱬȂ

ᶏ ⱬ └ ⁞ LSTM ᴋⱵҬ

̂№ ᴋⱵ 99% ⌠ 25%̃̆

ᶏ LSTMᵬҹ └ HAM ֽ 0.04%Ȃ

2 4Ṑ ῀ ΐ̆ ⱬ └ LSTM

Ӟ ҹⱬֽ̂ ᵬ̃̆ ᶏ LSTM

ᵬҹ └ HAM ֽҹ 2.48%̆ ғ

(log )nQ Ȃ 

3.3.7  ԍ MN 

̆ѿ

̆ ҉̆ ԍ

SimpleQuestions̆ [50] ₮ԅ ῀

QA Ȃ 

῀ QA Ҋץ ҩ ̔ 

̂1̃ ῀ Ȃ Ữ ⌠ῤ Ṝ

̂Freebasẽ ᵣ̆ ץ̆

ῤ Ṝ ̂Reverb̃ ᵣ ҈

Ȃΐᵣ №҈ ̔ 

ŵ Ṝ ᵣ ӈҹ Һᵣ sȁ

῏ r o ҈ᾝ Ȃΐ k ҩ ᵣ

1( , ,{ , , })ky s r o o ҹ ( ) SN
f y � ̆

SN ᵣ ῏ ҩ ̆ ( )f y ѿ

ѿҩ῏ ᵣ̆Һᵣ ῏ ῀ṿҹ 1̆

῀ṿҹ 1/kȂ 

Ŷ q ҹ ( ) VN
g q � ̆

VN

ῖ ҩ Ȃ q ṿҹ 1̆ῒ

ז ҹ 0Ȃ 

ŷ Ṝ ᵣ ( , , )y s r o ҹ

( ) S VN N
h y

�
� ̆ Һᵣ sȁ o

῏ r ̆ ╠ң ӊ

Ȃ 

̂2̃ Ȃ ԍ ᵣ

̆ Ṝ ᵣ Һᵣ ⌠ ԍ

Ṝ ᵣ Ữ ҉Ȃ ᶏץ

Ṝ ₮ Ṝ ᵣȂ 

̂3̃ ₮ Ȃ ῀ ̆ ₮

ῤ ̆ ᴆ ᵣ̆

ᶫ Ȃ 

ҹԅ ᾧ ᵣ №̆ ᾢᶏ ᵌ

ᵣ ѿ Ṝ ᵣ̆ Ῥ №Ȃ

ΐᵣ №ң ̔ 

ŵ ᾢ׆ Ҭ nᾝ ̆

Ḡ ᵬҹ ᵣ nᾝ ̆ ҡ ᵬҹ ↓

nᾝ Ȃ Ṝ ᵣҬ̆ ҍԓ

ҩ nᾝ ̆ ⌠

Ḡ ңҩ ᵣȂ 

Ŷ ᶏ ң ҩ ῀ Vd N

VW
u

�

Sd N

SW
u

� ̆ q Ṝ Ṝ ᵣ y

ᵌ ̆ ⌠ ᵌ №̔ 

( , ) cos( ( ), ( ))QA V SS q y W g q W f y    ̂99̃ 

ῒҬ VW SW №≢ ῖҬ ῀

Ṝ ᵣ῏ ῀ Ȃ 

Ṝ Ҭ ᵣ y № ̆ᶏ ῀

( )V Sd N N

VSW
u �

� ᵩ ᵌ ̔ 

( , ) cos( ( ), ( ))RVB V VSS q y W g q W h y   ̂100̃ 

̆ ῀ VW SW ׆ Ҭ

ӟ Ȃ ₮ ᵌ ҍ

ᵌ Ṝ ᵣȂ 
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̂4̃ Ȃ ₮

̆ ₮ ̆ ᵣ

Ȃ 

WebQuestions̆SimpleQuestions

Reverb҈ҩ ҉ ԅ ̆ ҍ ᾢ

Ȃ 

‰WebQuestions ҉̆ ԅ

ҍ ᶃ ̂41.3˿̃ F1 № 41.2˿Ȃ

SimpleQuestions ҉ ̆ ᴨ‰

⌠ 62-63˿̆ Ԋ ̆

Ԋ 86˿ SimpleQuestions Ṝ

Ҭ̆ Ṝ

Ȃ Reverb ҉ ̆

‰ 67%̆ ᾢ Ȃ 

3.3.8  ԍ DMN 

DMN ᴋⱵҬ ‰ ̆

Xiong ֲ ҉ ῀

ԅ [51]̆Ҍ Ԋ ̆ ғ

ȂDMN ԍ

QA ῀ ȁ QA ῀

Ȃ 

̂1̃ QA ῀  

DMNᶏ ҩGRU ῀ Ҭ

̆ Ữ ֟

Ȃᵖ GRU ҉ ῏ ̆

҉ ῏ Ҍ ≢

҉ ҉Ҋ ῏ ̆ҹԅ GRU ֜ԑ̆

Xiong ₮ᶏ ңҩҌ ף ҩ GRUȂ 

̔ᶏ ᵝ ̆

῀ Ȃ ↓ 1[ , , ]
i

i i

Mw w

ᵝ ⱴ ⌠ ҩ if ̔ 

1j i

i j jM
f l w

 
 ¦              ̂101̃ 

(1 / ) ( / )(1 2 / )jdl j M d D j M � � � ̂102  ̃

ῒҬ̆ jl jdl ᵬҹᾝ ᵝ ↓

d̆ ῀ № ṿ̆ № Ҋ ̆

D ῀ ̆M Ҭ ҩ Ȃ 

῀ ̔ ⌠ ῀Ԋ

if ̆ ᶏ GRŬ ӊ

ᶭ ῏ ̔ 

 

1

1

( , )

( , )

i fwd i i

i bwd i i

i i i

f GRU f f

f GRU f f

f f f

�

�

 

 

 �

         ̂103̃ 

̂2̃ QA ῀  

Ἕ№ ̆ ѿ Ҭ ѿ

ҩ Ȃ QA ῀ Ҋ҈ҩץ №̔ 

ŵ ̔ᶏ ԍ VGG-19

CNN׆ ἝҬ Ȃ 

Ŷ ῀̔ ⱴԅѿҩ ℗ ₱

̆ ⌠

qᶏ ҬȂ 

ŷ ῀ ̔╠

ῃ Ḥ ̆ ⱴԅѿҩ ῀ Ȃ ᾢ

ҩ Ἕ ⌠ ῀Ԋ F̆ ֓ ῀Ԋ

F҉ GRŬ֟ ῃ ῀Ԋ F Ȃ 

̂3̃  

ⱬ Ҭ ῀Ԋ

ѿҩ ׆̆҉ QA ῀ ᶫ

῀Ԋ
1, , NF f fª º 

¬ ¼
Ҭ Ḥ Ȃ

t

ig ҩԊ if ῏ ⱬ └̆

Ԋ if ҍ q ӊ ֜ԑ

̆ ⌠
t

ig ̔ 

 

1 1

(2) (1) (1) (2)

1

[ ; ;| |;| |]

tanh( )

exp( )

exp( )
i

t t t

i i i i i

t t

i i

t
t i
i M t

ik

z f q f m f q f m

Z W W z b b

Z
g

Z

� �

 

 � �

 � �

 

¦

̂104̃ 

ῒҬ̆ if iҩԊ ̆
1tm �
╠ѿ ┴

̆ ᾝ ӗ ̆ ̕ ҩ

ⱴ ̆ Ȃ 

ԅ
t

ig ̆ ᶏץ ⱬ └

ԍ ⱬ └ GRU ҉Ҋ tc Ȃ 
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ⱬ └
t

ig Ԋ

F ⱴ ̆ ⌠ ҉ Ҋ

1

N t

t i ii
c g f

 
 ¦ Ȃ ԍ ⱬ └ GRU

ᴰ GRU ḱ ̆ ⌠ Ȃ

ih

iu

ir
IN

OUT

ih
ih

ir
IN

OUT

t

ig

ih

 

25  ᴰ GRU ̂ ̃ҍ ԍ ⱬ └ GRU ̂ ̃

ᶏ
t

ig ף GRUҬ
iu ̆

25 ᶏ̆ GRU ῒῤ  ̔

 1(1 )t t

i i i i ih g h g h � � �      ̂105̃ 

⌠ Nh ҉Ҋ tc Ȃ

҉Ҋ tc ╠ѿ ┴
1tm �

tm ̔ 

 
1( , )t t tm GRU c m �        ̂106̃ 

ῒҬ̆GRU ∆ ҹ qȂ 

Ӟ ᶏץ ReLU
tm ̔ 

1( [ ; ; ] )t t t tm RuLU W m c q b� �     ̂107̃ 

ῒҬ̕ ҩ ⱴ ̆

̆ , ,H H Hn n nt

HW b n
u

� � ᾝ

ҩ Ȃ 

ӊ R̆amachandran ֲ DMNӞẠԅ

̆ ₮ԅꜚ ̂Dynamic Memory 

Tensor Network̆DMTÑ[52]Ȃ ԍ ⱬ └

῏ ̆ ᶏ [53]

└ ᵌ └̆ ᵬ № Ȃ

ҍ DMN ̆ ᴋⱵҩ ԅ 80%

ҍ̆҉ץ Facebook ₮ ⌠

bAbI ҉ ᴋⱵҩ ⱴԅ 20%Ȃ 

̂ Visual Question 

AnswerinğVQÃ ҉ ȂVQA

҈ҩ ̔ / ̆ ῒזȂ

̆ ҈ҩ ᴨԍῒ

ץ ᾢ ̆ ῒ ῒז ҉̆ΐ

ҹ ᴨלȂ 

3.3.9  ԍ KV-
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1 1( , ), , ( , )T Tk v k v ̆ ṿ ԍ

╠ ῏ ⌠ ̆

ӊ ῏ Ȃ ӈ ȁṿ ȁ

ṿ Ҋ̔ 

̂Keỹ̔ ᶏ CNN ̆ ѿ

iI ̆ ֓ RNN

ҹ ̆
e

ih ₮ ᵬ̆ҹ

╠ ῏
e

i ik h Ȃ 

ṿ̂Valuẽ̔ ԍ ѿ Ἕ iI ̆

\ Ἕ ӈ ῀Ḥ ̆ ⌠

ӈ ῀ ( )i iv I\ ̆ ԍ

ѿ ̆ -ṿ ( , )i ik v Ȃ 

̔ 26 ̆ᶏ

ⱬ └ ⌠ ҩ Ữ
ia Ȃ ᶏ

LSTM̆ץ╠ѿ ṿ 1( )t KI � ᵬҹ

῀ ṿ ̆ ₮

1 1( ( ), )k k k

t t th f K hI � � ῒ̆Ҭ
kf ᾝ

₱ Ȃ 

t ┴̆ q 1

d

th �

k

th ⱴ ̔ 

1

k d

k t d tq W h W h � �             ̂108̃ 

ᶏ q ┴ i ik

℗ ₱ ̂tanh̃̆ ⌠ iҩ ┴ ik

῏ №̔ 

 

ṿ

LSTM

LSTM

1

d

th �

k

th

d

th

҉Ҋ 1tI �

1tI �҉Ҋ

26   

tanh( )t

i t a ie w q U k �          ̂109̃ 

ῒҬ , , ,k d t aW W w U Ȃ 

̆ᶏ softmax ₱ ⌠ ⱬ№

̔ 

 
1

exp{ }/ exp{ }
N

t t t

i i j

j

e eD
 

 ¦       ̂110  ̃

Ḥ Ḥ № ҹ -ṿ ̆

ҹץ ᶫ ҉Ҋ Ḥ Ȃ 

ṿ ̔ ṿ ṿ ⱴ

Ȃ 

( ) ( )

1 1

( ) , ( )
T T

t t

t i i t i i

i i

K k V vI D I D
  

  ¦ ¦   ̂111̃ 

ῒҬ̆
t

iD Ҭ ҩ

№ ̆ᵬҹ ṿ ⱴ

̆ ⌠ ( )t KI ԍ Ҋѿ

̆ ṿ ( )t VI ᵬҹ ῀ᴰ ⌠

֟ Ҋѿҩ Ȃ 

̂3̃ Ȃ Ӟᶏ LSTM̆

ץ ᶭ ῏ ȂLSTM ԅ

RNN Ҭ th ӊ ΐ Ữ ᾝ tc ̆

╠ ╠ץ┴ ⌠ Ḥ Ȃ

LSTM Һ ҈ҩ └ ̔ ῀ └ ╠

῀ tx ̆ tf ̆ ₮
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to ‗ ᾝ Ữ ₮⌠ Ȃ

th ҉ᶏ ̆ softmax₱

⌠Ṝ №
tp ̔ 

soft max( [ , , ( )])t p t t t pp U h x V bI �    ̂112  ̃

3.3.10  ԍ HMN 

Ữ ҉ ̆

ⱬ Ҭ ҉̆ᴪᶏ ҡ ѿ֓ Ḥ

Ȃ [55] ₮ԅҍ҉ Ҍ №

̆ Ԋ №≢

Ữ̆ Ữ ҉ ҉ᶏ k

̆ ҍ ῏ kҩ ̆

֓ ῀ Ữ ⱬ └̆ Ҭ ҍ

῏ Ҭ Ȃ

ⱬ └ ₮῍ ⌠

Ȃ 

Ữ

ⱬ └ ̆ῒ ᵣ 27 Ȃ

( )SM

(1,2, , ){ }i i nX x   

( )WM

( )SD

ⱬ └

Ữ

K

Ữ

↓ q

Softmax

 y

( )Wp

( )Sp

Softmax

 

27  HMN ᵣ

 Ữ ̔ ῀ѿ nҩ

(1,2, , ){ }i i nX x   q̆ X №≢ ⌠

Ữ ( )SM ΐ ᵞ №

Ữ ( )WM Ȃ≠ Ữ

̂soft-search̃ ῏ Ȃ ԍ ̆ k

῏ ̆ ғ≠

ⱬ └ ῏ Ȃ

y ӟ Ữ

ⱬ └Ȃ 

Ữ ҍ ⌠ ῃ

̆ᶏ ֜ԑ̆

⌠ Ữ №

( )Sp Ȃ 

K ̔ Ữ ѿ

₮ ( )SD ̆ ₮ k

ҩҍ ῏ ̆ ᶫ ⱬ └

̆ ⱬ Ҭ ῏ ҉̆⁞

Ȃ 

ⱬ └̔ᶏ GRU

(1,2, ,| |){ }t t tZ Z   ̆ ԍ t ҩ

t
Z ̆╠ GRU GRU №≢ ῒ ⌠

( )R

t th GRU C Z ( )R

t th GRU C Z ῒ̆Ҭ

ҍ ῀ ̆ RC Ữ

ѿ ῀ Ȃ ╠ GRU
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th GRU
th ⌠

Ḥ ( )

(1,2, ,| |){ }W

t t tM m   ̆ῒҬ
t t tm h h � Ȃ

̆
tm ԅ XҬ tҩ

tw ҉Ҋ Ḥ Ȃ 

ԍ ↓ ˆ(1,2, ,| |)
ˆ ˆ{ }t t t

Z Z
 

 

ҩ X̂ ̆ Ữ Ҭ ѿ

( )S

Ru ̆ ŵ

ˆ( 1 , 2 , , | | )
ˆ{ }t t t
m

 
ⱬ Ȃ Ӈ Ữ

Ҭ̆ ѿ ⱬ ( ) ( )

ˆ(1,2, ,| |)
{ }W W

t t t
D D

 
 ҹ̔ 

( ) ( ) ˆsoftmax( tanh( ))W T S

t R tv Wu UmD  �    ̂113  ̃

ῒҬ
1, ,d d d d dv W U⇔ ??Ȁ ?

Ҭ ӟ Ȃ 

Oriol Vinyals ֲ [53]̆

ŵ҉ ѿ ⱬ
( )WD ᵬ̆ҹ ₮

№ ̔ 

( ) ( ) ( )ˆ( ) ( ( )) ( )W W Wp trans p transZ Z D    ̂114  ̃

ῒ Ҭ ( )trans � №

ˆ( ) ˆ( )
tWp w Î ¡ ⌠ №

( ) ( )
VWp w Î ¡ ̆ Ҭ

ⱴ⌠ ῖҬ ᵝ ̆ ҩ Ҭ

Ҭ ҹ 0Ȃ 

Ữ ( )SM ₮

№
( )Sp Ữ ( )WM ₮ ( )Wp ̆

ץ ₮ № ̔ 

( ) ( )( ) ( ) ( )S Wp w p w p w= +        ̂115̃ 

̆ᶏ y ӟ

Ữ ⱬ └̆

֜ ᵬҹ ₱ ̆ᶏ Ҋ
[56]Ȃ 

ҩ ҉

ᴋⱵ̆ ңҩ ңҩ

̆ҍ ̆ ғ№≢ ԅֽᶏ

ֽᶏ ᵖ┬ №

Ȃ ֽ̆ᶏ

HMN ԍֽᶏ

HMN̆ ғ ᶏ ңҩ

̆ ԍ Ȃ 

3.4  其他类型的记忆网络 

ԅ҉ ԍ ̆

₮ԅ ԍ ̆

֓ Һꜚ ȁ╠

ⱬ ȁᶏ

ȁ ԍ Ԋ ȁ Ữ

Ȃ 

3.4.1  Һꜚ  

ֲ ӟҌ ᴋⱵ ̆

ӟ ῤ ᴪ ⌠ ̆ urlanello ֲ

₮ԅҺꜚ ̂Active Long Term Memory 

Networks̆A-LTM̃[58]̆ ѿ ᴋⱵ

ӟ ̆ Ḡ ӊ╠ ӟ

῀ҍ ₮ӊ ῏ ῏ Ȃ ≠

€ ᶏ̆ ̂Distillation Loss̃[59]

Ḡ ӊ╠ ӟ ᴋⱵ Ȃ 

ԍMcClelland ֲ ₮ [60]̆ Ӳ

ꜚ ̂Hippocampus̃ ̂Neocortex̃

Ḡ ̆ ̆

ᵣ ⌠ ̆ Ҍᴪᶏ

׆̆ ᾧ ̂Catastrophic Inferencĕ

CĨ ҹȂ 

Ă-LTM ῀ ₮ᶏ

Ȃ ѿ №

̂Ñ̆ ΐ

Ҭ Ȃ ԋ № ̂H̃̆

ѿ ӟ ׆̆ N∆ ̆ ׆

H ₮ ꜚҬ Ȃ └ ץ Ḡ

N ῏ ῀Ȃ 

A-LTM ӟ №ҹңҩ ӟ ̔

Ȃ ̆N Ҭ ̆ῒҬ

ҩ ᶛȂᶏ ᴋⱵ ₱

N ӈ Ἕ Ȃ ̆

N ӟ ҹ 0Ȃ 
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 0 * 0 * 0

0 0 1 1 2 ~ (0, )w w w w w N V  ̆ ̆    ̂116̃ 

ῒҬ * *

0 1 1( , ; )f w w x ╠ץ

N̆ ҹ
1y Ȃ 

3.4.2  ╠ ⱬ  

Colin Raffel ֲ ₮ԅѿ ԍ╠

ⱬ └ [61]̆ῒ 28

̆ ץ ‗ ↓ Ȃ 

ⱬ └ ѿ ӟ ↓ ᶭ ῏

̆ ᵟ Ҍ ӊ

ᶭ Ȃ ԍ Bahdanau ֲ [62]̆

ҩ ┴֟ ῀ ↓
th ̆ ῀

ⱬ t ja ᵬҹ ̆ ῀

↓ jh ⱴ ̆ ⌠ ҉Ҋ tc ̔ 

 
1

T

t t j j

j

c ha
=

= å           ̂117̃ 

ῒҬ T ῀ ↓ ̆ t ja ҩ jh

t ̔ 

1

1

exp( )
( , ),

exp( )

t j

t j t j t j T

tkk

e
e a s h

e
a-

=

= =

å
 ̂118̃ 

ῒҬa ѿҩ ӟ₱ ̆ ╠ѿ ┴

₮ 1ts - ῀ ↓ jh ̆ ╠

↓ Ȃ 

₮ ↓ᾝ ts ᴆ

̆ ts ‗ԍ╠ѿ ┴ ₮ 1ts - ̆

҉Ҋ tc t-1 ┴ ₮̔

1 1= ( , , )t t t ts f s c y- - Ȃ 

1D

1h 2h 3h Th...

2D 3D TD

( )ta h

c

 

28  ╠ ⱬ └  

҉ ⱬ └ ̆ ̆╠

ⱬ └ ῀ ↓
th ῀₱

( )ta h Ҭ̆֟ a Ȃ aץ ᵬҹ

th ⱴ ̆ ⌠҉Ҋ tc Ȃ 

҉ ╠ ⱬ └ ̆ ԍ׆ ҩ ↓

Ҭ֟ ҩ҉Ҋ tc ̔ 

1
1

exp( )
( ), ,

exp( )

T
t

t t t t tT

ttk

e
e a h c h

e
a a

=
=

= = = å
å

̂119  ̃

ῒҬ ta ₱ ̆ ‗ԍ th Ȃᶏ

ⱬ ta ↓ th ⱴ ̆ ⌠

῀ ↓ ῀҉Ҋ cȂᶏ

ⱬ └ ץ ҍ ╠ ₮ ῏

῀ ↓ Ḥ ̆ ץ ↓

Ȃ 

↓ T ̆ ⱬ └ ╠

ץ ԍ ↓ Ȃ T

̆ ⱴ №̆

↓ th ⱴ ṿ̔ 

 
1

1 T

t

t

c h
T =

= å Ȃ 

Ẋ ῀ҹ tx ̆ ҹ̔ 
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LReLU( )t xh t xhh W x b= +       ̂120̃ 

ῒҬ
2 ,D D

xh xhW b´Ȁ ̆LReLU( )x ҹ

₱ ̆ῒҬ 

LReLU( ) max( ,0.01 )x x x= Ȃ 

פ ₱ ҹ ( ) tanh( )t hc t hca h W h b= + ̆

Ὲ ̂104̃ ҉Ҋ c̆ Ҭ

s̔ 

LReLU( ), ,D D D

cs cs cs css W c b W b´= + Ȁ

̂121̃ 

₮ y̔ 

1LReLU( ), ,D

sy sy sy syy W s b W b´= + Ȁ

̂122̃ 

₮ yҍ ṿ ᵬҹ

₱ ̆ ᶏ adam Ҋ ᴨ
[63]Ȃ 

3.4.3  ᶏ  

Gulcehre ֲ ₮ ↓ ꜚ῏

̂ Temporal Automatic Relation Discovery In 

Sequences̆TARDIS̃ ̆ ₮ԅѿ
[64]̆ ᶏ ⁞

̆ ӟ ↓ ᶭ ῏ Ȃ

└ Ữ⌠ Ữ

Ҭ̆ ȂTARDIS ῤ ᵬҹ

Ữ ̆ ꜛԍ ᴰ ᶭ

ӟȂ

0a 0m

1a 1m

2a 2m

0a 0m

1a 1m

2a 2m

th tm

r

tw

tD

tr

tx

ty

1tM � tM

 

29  TARDIS

TARDIS 29 ̆ ΐ Ữ

tM ᶏ̆ RNN └

r

tw ̆ҍ Ữ tM ӗ ⌠

( )T r

t t tr M w ȂTARDIS └ ╠

Ώ῀ Ữ ̔ [ ]t m tM i W h Ȃ 

ҩ ̆ └ th ‗ԍ׆

Ữ ῤ tr ̆ ╠ ῀ tx ╠ѿ

1th � ̔ 1( , , )t t t th x h rI � Ȃ 

Ữ Ҭ ҩ ᾝ ᾢ╠

̆ ׆ Ữ Ҭ ῤ ̆ └

ץ ᵬ ⇔ ѿ Ȃ 

TARDIS └Һ └ └

Ώ ᵬȂ 
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└̔TARDIS Ữ
tM Ҍ

֜ №
k a

tA ´Î ¡ ῤ №
k c

tC ´Î ¡ ̆

Ữ ҹ
( )[ ; ] k c a

t t tM A C u � � Ȃ Ữ

ҹ Ȃ └ Ữ

ῤ №̆ᵖ ᴪΏ῀ Ữ ῤ

№Ȃ 

r

tw ̔ 

[ ] tanh( [ ] )

soft max( )

T

t h t x t m t u t

r

t t

i a W h W x W M i W u

w

J J J JS

S

 � � �

 

̂123̃ 

ῒҬ { , , , , }h x m ua W W W Wg g g g
ӟ

̆
r

tw ׆
r

tw arg max r

tw

⌠ Ȃ ╠ ┴ӊ╠

ѿ ̆ ⌠
tu ̔ 

 

1

1

norm( )
t

r

t i

i

u w
-

=

= å             ̂124̃ 

tu Ữ Ҭ ҩ ᾝ ̆

ץ ꜛ ⱬ └ ԍ ҩ ᾝ

ⱬ Ȃ 

TARDIS └ T̔ARDISᶏ LSTMᵬҹ

└ ̆ ᶏ Ữ Ҭ ῤ ḱ ̆

ᶏ Gumbel-sigmoid ₱ ̆ └  

LSTM └ ᾝ tc Ҋ̔ 

1

1

tanh( )

tanh( )

g g g

t t h t x t t r t

t t t t t

t t t

c W h W x W r

c f c i c

h o c

E D�

�

 � �

 �

 

̂125̃ 

ῒҬ , ,t t tf i o №≢ LSTM ȁ ῀

₮ ̆ ,t ta b ̆ └

׆ Ữ ╠ѿ Ḥ ῀LSTM └

ᾝ
tc Ȃ 

└ ץ Ώ῀ ᾝ̆⇔

̆ ῀ӊ ᶭ ῏ Ȃ 

3.4.4  ԍ Ԋ  

ӟ ᴋⱵ ̆ ץ

ΐ ȂSarthak Jain ₮

Ԋ [65]̆ ׆ץ Ҭ

῏Ԋ ӟ Ȃ 

ӊ╠̆ ᾢ Ṝ

̂Freebasẽ Ԋ Ȃ

ҍṜ ᵣ ף ̆ ҡ

ᵬҹ ѿҩ n ᾝ̂n-gram̃ ↓ n

ᾝ ̆ ῒᵩ ᵣӊѿᵬҹ Ԋ

ⱴ⌠Ṝ Ԋ ↓ ҬȂ 

Ԋ Lҩ

ѿҩ ₮₱ Ȃ∆ Ṝ Ԋ ↓

῀ᵬҹ ῀̆ ₮₱ ᵬҹ

Ṝץ̆₮ ᵣ ѿҩ ↓ Ȃ 

ῒҬ̆ ңҩ ῀̔ 

̂1̃Ԋ ↓ 1 | |{ , , }FF f f= L ̆ῒҬ ҩԊ

f ( , , )s R o ̆ῒҬR Һᵣ s o

ӊ ῏ Ȃ 

̂2̃ ῀
dq Î ¡ Ȃ 

ԍ ѿҩԊ f FÎ ̆ ѿ

№ ( )g f ѿ № ( )h f Ȃᶏ №₱

( )g f ῀ ῀ Ẋ

( , )q s Rc  ӊ ᵌ ( ) ( )Tg f q s R � Ȃ

Ԋ ҩ ̆↕ ױ ᵌ

ṿ̆ ᶏ softmax₱ ⌠ ѿ № ( )h f ̆

ѿ № ( )h f ₮ ҩԊ

Ȃ 

№ ḱ Ԋ ↓
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1 | |{ , , }FF f f= L ῀ q̆№ҹץҊ҈

̔ 

̂1̃Ԋ ḱ◄Ȃ ѿҩ ṿ̆ Ԋ

Ҭ № ṿ Ԋ ̆Ԋ ḱ◄

̆ ץ ᵣ

Ȃ 

̂2̃ ῀Ȃ ( , , )f s R o=

ⱴ῀ ῀ qҬ̔ 
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f F

q q h f s R
�
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ᶏ ῤ Ữ ץ ӟ
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Ȃ ̆Rae ֲ ₮ѿ ⌠

ῤ ̆ ҹ ῤ ̂Sparse Access 
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ԍ N ҩ Ữ ̆SAM
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Ȃ 
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R
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₮
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3.4.6   

NTM Ҭ Ữ ̆

Ữ Ḥ ץ ӟ Ȃᵖ Ữ

̆ ץ ̆ Ȃ Zhang

ֲ ₮ԅҌ Ữ

‗ ҩ [67]Ȃ 

ᾢ ӈѿҊ Ữ ̔

└ Ώ῀ ᵬ ḱ Ữ ̆↕ ҹľ
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ṿ ̔Luyang Li ֲ ԍ

ṿ [71] ᶏ̆ ╠ Ữ Ữ

ӟ῏ԍ ѿ Ḥ ̆

└ ӟ Ḥ ̆ ṿ

ᶏ Ḥ Ȃ 

̔Jianpeng Cheng ֲ LSTM ԍ
׆̆[39] ⌠ ↓̆

ⱬ └ Ȃ ȁ

№ ҈ҩ

ԅ ₮ ҍ

ᴨȂ 

̂Machine Comprehensioñ

Ҭ ף ̆Pan ֲ ₮ԅѿ

῀ ̆ ԍ ᴋⱵ[73]Ȃ

ᶏ ῀ ̆ ῃ

̂Full-orientation matching̃ ץ̆ ҉

Ҋ ӊ ֜ԑ῏ Ȃ 

῀ H̔amid Palangi ֲ LSTM ԍ

῀ ӟ[74]̆ ҉Ҋ Ḥ ̆

῏ Ḥ ῀⌠ѿҩ ӈ Ҭ̆ ᶏῒ

׆ ῀Ҭ Ḥ Ȃ

ΐ ̆ ғ ҩ ᾝ №

῏ Ȃ ῒ ԍWeb Ҭ̆

ᴨԍ ῀ ӟ Ȃ 

№ ӈ ᶛ

ӟ ӈ ̆ ֲ ↕ ѿҩ׆ץ

₃ҩף ᶛҬ ₮ѿҩ Ȃ S̆un 

J ֲ ₮ԅѿ ԍ Ữ ῀

ӟ [80]̆ ׆ Ҭ ӟ̆

ⱴ ̆ ׆ ҉Ҋ Ҭ

῀ Ȃ 

̔Mingxuan Wang ֲ ῀

RNN
[75]̆ ץ

ᴋⱵ Ȃ 

ֲ ̔Ganhotra ֲ ⌠

҉̆ ₮ԅ ԍ ⌠ [76]Ȃ

ᵣᵬҹᾢ ̆ ᴋ

ⱵҬ̆׆ Ҭ Ḥ ̆ Ḥ ׆̆

ֲ ԑꜚ Ȃ 

̔Huang ֲ RNNҍ -ṿ

ѿ ̆ Ḥ -ṿ

ӈ ⱬ̆ ᴋⱵ[77]Ȃ

≠ Ḥ ̆

Ẓ ҍ Ẓ ѿ ̆ᵬҹ

Ẓ Ȃ 

№ T̔ang D ֲ ₮ԅ ԍ №
[78]̆ ץ № ̆ ҉Ҋ

ҍ̆ LSTM

̆ ғ Ȃ 

Chen P ֲ ₮ԅѿҩΐ Ữ

ⱬ [79]̆ ץ Ҭ ≢

Ȃ ᶏ ⱬ └

№ ׆̆ Ҍ ῏ Ḥ ΐ

Ȃ 

ӈ ̔Tran N ֲ ₮ԅӗ

LSTM
[81]̆ LSTM ̆ ԍ

Ҭ ӊ ῏ Ḥ Ȃ ҉

ӈԅҌ ₱ ̆ ץ ̆

ӈ ᴋⱵȂ 

4.2  计算机视觉 

Ἕ Ἕῤ ̔Xu Jia ֲ

LSTM ԍ Ἕ ᴋⱵ[82]Ȃ ׆ ἝҬ

ӈḤ ᵬҹ ῀ ⱴ⌠ LSTMҬ̆

ԍ ӟҍ Ἕῤ Ȃ

ץ Ἕῤ ̆ ‰

҉ ԅ Ȃ 

-ṿ ҉̆Arnav Kumar Jain

ֲ ῒ ⌠ [54]̆ №

̆ᵬҹ -ṿ ̆ -ṿ

ᴋⱵȂ 

Chunseong Park C ₮ԅ҉Ҋ ↓
[83]̂Context Sequence Memory Network̆CSMÑ̆

Ҍ ѿ Ἕ Ҍ ҩ Ȃ

ץ ᵬҹᾢ ̆ Instagram

҉ ץ ҩ Ἕ Ἕ

ᴋⱵȂ 

Oriol Vinyals ֲ ԍ ӟ
[40]̆ ԍ ӟ ̆

ᶏ ̆ ׆ץ Ҭ

ӟ̆Ҍֽ ץ ԍ Ἕ ӟ̆ ᴋⱵӞ

Ȃ Adam Santoro ֲ↕ ₮ԅ

Ғ ԍ Ữ ῤ [32]̆

ӟȂ 

Wang J ֲ ₮ԅѿ

ῤ [88]Ȃ ԅ Ḥ ῍

֣ Ữ ̆ ԑᶭ

̆ ѿ ⱬ Ȃ ҍ
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ᵌ̆ Ữ ҍΐ ҩ Ώ

῀ ᵬ ֜ԑ̆ Ữ

ῤ Ȃ 

Donahue J ֲ ₮ԅ
[87]̂Long-Term Recurrent Convolutional Networks̆

LTRCÑ̆ LSTMҍ ̆

ԍ ⌠ ӟ̆ ≢ȁ

Ἕ ᴋⱵȂ ץ ῀

⌠ ₮̆ ғ ץ

῏ ̆ ῤ ⱳ Ȃ 

̔Caiming Xiong ֲ ꜚ

҉̆ ⱴԅѿҩ Ἕ ῀ ̆

ᶏ [43]ȂMa C ֲᶏ
[84]Ȃ 

Kim K M ֲ ԍ ῤ

ᴋⱵ̆ ₮ԅ ῀ [85]̆

ӟ ᶏ AI ᵣ

Ԋ ᴋⱵȂ 

Ἕ ≢̔Joel Moniz ֲ ₮
[86]̆ ҍ LSTM ̆ ԍ

Ἕ ≢ Ȃҍ Ữ └

ᵌ ̆ΐ ̆ Ӟ

Ȃ 

̂Scene labeling̃ ץ ᵬ ↓

ᴋⱵ̆ҹ Abdulnabi A H ֲ ₮ԅѿ ԍ

ⱬ [89]̆ CNN ԍ ⱬ

└ Ữ ̆ ≠ ҉Ҋ ῏

№ ‰ Ȃ 

Kaiser Ł ֲ ₮ԅѿҩ ԍ ӟ

̂life-long̃ [90]̆ ץ ⱴ⌠Ҍ

ӟ ̆ ᶫ ̂one-shot̃ ӟ

ⱳ Ȃ Ἕ№ ҉̆ ̆

↓⌠ ↓ ̆ᶏ ҩ

ᵟ

ӟȂ 

Ἕ № P̔armar N ֲ ԍ

ⱬ └ ⌠ Ἕ ↓
[91]̆ ԅ ץ ץ

ᵬ̆ ғ ImageNet Ἕ ȁ Ἕ

Ἕ № ᴋⱵҬ ԅ Ȃ 

̔Fernando T ֲ ₮ԅ

ᴆ (Memory Augmented 
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表 9 记忆网络在各个领域的应用 

领域 内容 模型 

自然语言处理 

问答任务 MN、Skip-Thought MN、DMN、KV-MemNN、匹配记忆循环网络 

主题标签推荐 具有分层注意力机制的 MemN2N 

真值发现 用于真值发现的 MN 

机器阅读 用于机器阅读的 LSTM、多层嵌入记忆网络 

嵌入表示学习 用于深度句子嵌入表示学习的 LSTM、基于存储器的单词嵌入式表示学习 

机器翻译 变送器、WTN、ANN、Evolved Transformer、外部记忆增强的 RNN 

人机对话 基于知识库的 MemN2N 

顺序推荐 增强键-值记忆网络 

情感分类 深度记忆网络、具有存储器的 RAN 

语义表示 乘法树结构的 LSTM 

计算机视觉 

图像标注和图像内容描述 用于图像描述的 LSTM、KV-MemNN、CSMN、LTRCN 

视频问题回答 DMN、记忆增强的神经网络、深度嵌入记忆网络 

图像识别 卷积残差记忆网络 

视觉显著性预测 MC-GAN 

语音处理 

语义标注 SSDMN 

音乐生成 Music Transformer 

文本到语音 基于变送器的 TTS 模型 

其他领域 

2D 迷宫任务 记忆网络与深度强化学习结合 

医学预测 DeepCare 

临床诊断 CMNN 

化学反应预测 Molecular Transformer 

预测域生成算法 基于 LSTM 的 DGA 

人类行为认知 双存储器结构神经网络 

业务流程分析预测 记忆增强的神经网络 

知识追踪 DKV-MemNN 

参数自适应 用于参数自适应的记忆网络 

5 总结及未来趋势与展望 
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5.2  未来趋势与展望 

ᵬҹ ӟ Ҭ ѿҩ ῐ ̆

₃ ԅ ̆ ҹ ֲ

⌠ ӟ ̆ ѿҩ Ȃ

ԅֲפ ꜚ ̆

ᵖ ̆

ץ ᴇ ‰ ṿ Ȃ ғ

ҩ ↨↨ ̆ᶭ

ṿ ױ Ȃ ԍ

̆ ױ Ҋѿ֓ץ₮

̔ 

̂1̃ ╠ ̆

̆ ῤ

Ȃ ᶏץ Ҭ ῤ ̆ ⱴ⌠

Ữ Ҭ̆ ץ ⁞

̆ᶏ ⌠

Ȃ 

̂2̃ ῏ ῀

ҍ Ữ ҬḤ ̆ ᵥ ӈ

‰̆ ᵥᶏ ᵞ̆ ᵥ

‰ Ḥ ̆

₮ Ȃ 

̂3 M̃N ӟ҉

̆ ӟ ҉ ╠

Ȃᶭ ԍMN ⱬ̆ ΐ

ⱬȂ ԍ LSTM ̆MN

҉ Ҍ └ ̆ MN ץ Ὲ῍

҉ ӟ[111]Ȃ 

ױ4ֲ̃̂ ҹ

̆ᵖ ӈ ῃ

₮ Ȃ ᴿ ҍ

Tishby ₮ԅḤ [112]̆ ₮ Ἕ

Ḥ ₮ ѿ ̆ Ҋҍѿ ῏

̆ Ȃ ғ ԅ

⁞ Ḥ ‗ ԅ

ӟ ̆ ԅ ԍ Ḥ

׆̆ ԅ Ȃ ҩ

̆ Ҍ ᴰ Ḥ ̆

ᵬ ᴨ ‗ [113]Ȃ Ҭ

Ḡ Ȃ ץ ԍ

̆ ᵥ׆ Ữ Ҭ Ḥ Ḃץ ̆

Ҭ ᵥ ῀ └̆Ӟ

Ȃ 

̂5̃

̆ ̆ ⌠ ҩꜚ

ȁΐ ₮ ץ̆

ӟ ῏ ӟ ῏

’Ȃ ԍMN ̆ ᶏ

└ ̆ ̆

̆ ̆ Ữ Ӟ ץ

ⱴ῀ ᵌԍ LSTM ̆ Ḥ

Ȃ 

̂6̃ҍ ̆ ԍ

└ ⱳ Ȃ ╠
[23]̆ ⱴ῀ ԅ Ҍ

↓ᶭ ῏ Ȃ ҍ

ΐ ԑ ̆ ԋ ⱴ ῀ Ӟ

Ȃ 

׆7̃̂ ץ ⌠ ҍ



 47 

 

ѿ ᵀ ֗ ̆

≠ԍ Ḃ Ҍ ⱬȂ 

̂9̃ Һ

Ҭ̆ᵖ ԍ ӈ ̆ ᵥ

Ҭ ₮ ӈ̆

Ӟ ‗ ӊѿȂ 

̂10̃ ̆ Һ

ѿ֓ҍ ῏ ῤ ̆ ȁ

ȁ ῤ Ȃ ̆ ץ

ҍ CNN ԍ ̆

ҍץ ╠ GAN
[90]̆

Ἕ ⱬȂ 

̂11̃ ̆ Ҍ

ү ̆ ̆ ҍ

̆ᶏ ΐ

ⱬ̆׆ Ȃ 

̂12̃ ң ӟ ̆

ֲ ӞҌ ױ ̆ ȁ

ꜛ ȁ ֲ ֲ̆ Ҍ

ӟ ⱬȂ ̆ ᵥⱴ ֲ

ҍ ̆ ᴨל ֲ

ᾟ№ ₮ ̆ Ӟ

Ȃ 

̂13̃ ԍ ҩ ҙ̆
[100-102]ȁ ῃ[103]ȁҙⱵ № [107]

̆ ץ ᴪ ҙ Ȃᵖ

̆ ֓ ҙ ↨↨ ̆

ᵥ ֓Ҍ ҙ ̆Ӟ

Ȃ 

̂14̃ ץ ԍ ҙ ֟̆

Ȃ ᵬ

ᵬҹ ץ̆ ╠

ᵬҹ ↓ ῀̆ ╠ ῀

№ ̆ ץ

ӊ╠ ̆ Ả ḱȂ ѿ

ⱳ ̆ ᴪҹ ҙ ֟

Ȃ 

̂15̃ ҉ ᵥ

ҍ⌠ ₮ ῀ ̆ ⌠

⌠ Ḥ ̆ ̆ Ҍ ῀ Ữ

̆ ̆

ӟ ̆ Ḥ Ḥ

̆ꜚ № ỮḤ ̆ᶏ

ᵝ⌠ ╠ ₮ ҉Ȃ Ữ

ᾝ ꜚ ̆ Ữ Ḥ Ӟ

̆Ҍᵖ Ữץ╠ ӟ⌠ ̆Ӟ Ữ

╠ץ ӟ⌠ ̆Ἕֲѿ ̆ ץ ӟ

̆Ҍ ӟ̆ ≢ ₮

Ȃ 

̂16ֲ̃ ΐ ̆ ̆ ̆

ⱳ ̆ ғ Ҍ̆ ӟ⌠ ᶏ Ȃ

Ҍѿ ӟ⌠ ̆ Ҍ ԍ Ἕῤ

ֲ̕ ⌠ԅѿҩ ̆ ץ ץ ⌠

̆ Ԋᾢ ₮ ᵣ ᵣ

ӊ ῏ ̆ ᵥᶏ ᵟ

ץ̆ ӊ ῏

̆ Ҍ ᵞ ̆ ғ ֓ ָץ

Ӈ Ữ̆ ṿ Ȃ 

҉ץ׆ № ץ ₮̆

̆ Ӟ ̆ ғ ҩ

ү Ȃ ױ ῏

’̆ № ῤ ̆

ҹץ ᶫ Ȃ 

参 考 文 献 

 

[1] Sepp Hochreiter, Jürgen Schmidhuber. Long Short-Term Memory. 

Neural Computation 9(8): 1735-1780 (1997)  

[2] Jason Weston, Sumit Chopra, Antoine Bordes. Memory Networks. 

CoRR abs/1410.3916 (2014). 

[3]  Alex Graves, Greg Wayne, Ivo Danihelka. Neural turing machines. 

arXiv preprint arXiv:1410.5401, 2014. 

[4] Sainbayar Sukhbaatar, Arthur Szlam, Jason Weston, Rob Fergus. 

End-to-end memory networks// Corinna Cortes, Neil D. Lawrence, 

Daniel D. Lee, Masashi Sugiyama, Roman Garnett. Advances in 

neural information processing systems. Montreal, Quebec, Canada. 

NIPS 2015: 2440-2448. 

[5] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you 

need[C]//Advances in neural information processing systems. 2017: 

5998-6008. 

[6] Klaus Greff, Rupesh Kumar Srivastava, Jan Koutník, Bas R. 

Steunebrink, Jürgen Schmidhuber. LSTM: A search space odyssey// 

IEEE Trans. Neural Netw. Learning Syst. 28(10): 2222-2232 (2017) 

[7] Fader A, Zettlemoyer L, Etzioni O. Paraphrase-driven learning for 

open question answering[C]//Proceedings of the 51st Annual Meeting 

of the Association for Computational Linguistics (Volume 1: Long 

Papers). 2013: 1608-1618. 

[8] Bordes A, Weston J, Usunier N. Open question answering with 

weakly supervised embedding models[C]//Joint European conference 

计
算
机
学
报



48          2020  

 

on machine learning and knowledge discovery in databases. Springer, 

Berlin, Heidelberg, 2014: 165-180. 

[9] Mikolov T, Karafiát M, Burget L, et al. Recurrent neural network 

based language model[C]//Eleventh annual conference of the 

international speech communication association. 2010. 

[10] Kingma D P, Ba J. Adam: A method for stochastic optimization[J]. 

arXiv preprint arXiv:1412.6980, 2014. 

[11] Srivastava N, Hinton G, Krizhevsky A, et al. Dropout: a simple way 

to prevent neural networks from overfitting[J]. The journal of 

machine learning research, 2014, 15(1): 1929-1958. 

[12] Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the inception 

architecture for computer vision[C]//Proceedings of the IEEE 

conference on computer vision and pattern recognition. 2016: 

2818-2826. 

[13] Kalchbrenner N, Espeholt L, Simonyan K, et al. Neural machine 

translation in linear time[J]. arXiv preprint arXiv:1610.10099, 2016. 

[14] Zhou J, Cao Y, Wang X, et al. Deep recurrent models with 

fast-forward connections for neural machine translation[J]. 

Transactions of the Association for Computational Linguistics, 2016, 

4: 371-383. 

[15] Wu Y, Schuster M, Chen Z, et al. Google's neural machine translation 

system: Bridging the gap between human and machine translation[J]. 

arXiv preprint arXiv:1609.08144, 2016. 

[16] Gehring J, Auli M, Grangier D, et al. Convolutional sequence to 

sequence learning[C]//Proceedings of the 34th International 

Conference on Machine Learning-Volume 70. JMLR. org, 2017: 

1243-1252. 

[17] 



 49 

 

Lee, Masashi Sugiyama, Ulrike von Luxburg, Isabelle Guyon, Roman 

Garnett, Advances in Neural Information Processing Systems 29: 

Annual Conference on Neural Information Processing Systems 2016, 

Barcelona, Spain, NIPS 2016: 3630-3638 

[41] Fei Liu, Julien Perez. Gated end-to-end memory networks// Mirella 

Lapata, Phil Blunsom, Alexander Koller, Proceedings of the 15th 

Conference of the European Chapter of the Association for 

Computational Linguistics, Valencia, Spain,.EACL 2017: 1-10 

[42] Ankit Kumar, Ozan Irsoy, Peter Ondruska, Mohit Iyyer, James 

Bradbury, Ishaan Gulrajani, Victor Zhong, Romain Paulus, Richard 

Socher. Ask Me Anything: Dynamic Memory Networks for Natural 

Language Processing// Maria-Florina Balcan, Kilian Q. Weinberger, 

Proceedings of the 33nd International Conference on Machine 

Learning, New York City, NY, USA, ICML 2016: 1378-1387 

[43] Alexander H. Miller, Adam Fisch, Jesse Dodge, Amir-Hossein Karimi, 

Antoine Bordes, Jason Weston. Key-Value Memory Networks for 

Directly Reading Documents// Jian Su, Xavier Carreras, Kevin Duh, 

Proceedings of the 2016 Conference on Empirical Methods in Natural 

Language Processing, Austin, Texas, USA, EMNLP 2016: 1400-1409 

[44] Sarath Chandar, Sungjin Ahn, Hugo Larochelle, Pascal Vincent, 

Gerald Tesauro, Yoshua Bengio. Hierarchical memory networks. 

arXiv preprint arXiv:1605.07427, 2016. 

[45] Alex Auvolat, Pascal Vincent. Clustering is efficient for approximate 

maximum inner product search. arXiv preprint arXiv:1507.05910, 

2015. 

[46] Zhong S. Efficient online spherical k-means clustering// Neural 

Networks, 2005. IJCNN'05. Proceedings. 2005 IEEE International 

Joint Conference on. IEEE, 2005, 5: 3180-3185.  

[47] Marcin Andrychowicz, Karol Kurach. Learning efficient algorithms 

with hierarchical attentive memory. arXiv preprint arXiv:1602.03218, 

2016. 

[48]  Ronald J. Williams. Simple Statistical Gradient-Following 

Algorithms for Connectionist Reinforcement Learning. Machine 

Learning 8: 229-256 (1992) 

[49]  Da-Rong Liu, Shun-Po Chuang, Hung-yi Lee. Attention-based 

Memory Selection Recurrent Network for Language Modeling. arXiv 

preprint arXiv:1611.08656, 2016. 

[50] 



50          2020  

 

[65] Sarthak Jain. Question Answering over Knowledge Base using 

Factual Memory Networks// Proceedings of the Student Research 

Workshop, The 2016 Conference of the North American Chapter of 



 51 

 

[86] Joel Moniz, Christopher J. Pal. Convolutional residual memory 

networks[J]. arXiv preprint arXiv:1606.05262, 2016. 

[87] Jeff Donahue, Lisa Anne Hendricks, Marcus Rohrbach, Subhashini 

Venugopalan, Sergio Guadarrama, Kate Saenko, Trevor Darrell. 

Long-Term Recurrent Convolutional Networks for Visual 

Recognition and Description// IEEE Transactions on Pattern Analysis 

and Machine Intelligence. 39(4): 677-691 (2017) 

[88]  Junbo Wang, Wei Wang, Yan Huang, Liang Wang, Tieniu Tan. M3: 

Multimodal Memory Modelling for Video Captioning// 2018 IEEE 

Conference on Computer Vision and Pattern Recognition, Salt Lake 

City, UT, USA, CVPR 2018: 7512-7520 

[89] Abrar H. Abdulnabi, Bing Shuai, Stefan Winkler, Gang Wang. 

Episodic CAMN: Contextual Attention-Based Memory Networks 

with Iterative Feedback for Scene Labeling// 2017 IEEE Conference 

on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 

CVPR 2017: 6278-6287 

[90] Lukasz Kaiser, Ofir Nachum, Aurko Roy, Samy Bengio. Learning to 

remember rare events. arXiv preprint arXiv:1703.03129, 2017. 

[91] Parmar N, Vaswani A, Uszkoreit J, et al. Image transformer[J]. arXiv 

preprint arXiv:1802.05751, 2018. 

[92] Tharindu Fernando, Simon Denman, Sridha Sridharan, Clinton 

Fookes. Task Specific Visual Saliency Prediction with Memory 

Augmented Conditional Generative Adversarial Networks// 2018 

IEEE Winter Conference on Applications of Computer Vision, Lake 

Tahoe, NV, USA, WACV 2018: 1539-1548 

[93] Young-Bum Kim, Sungjin Lee, Ruhi Sarikaya. Speaker-sensitive 

dual memory networks for multi-turn slot tagging//  2017 IEEE 

Automatic Speech Recognition and Understanding Workshop, 

Okinawa, Japan, ASRU 2017: 541-546 

[94] Huang C Z A, Vaswani A, Uszkoreit J, et al. Music transformer: 

Generating music with long-term structure[J]. 2018. 

[95] Li N, Liu S, Liu Y, et al. Close to human quality TTS with 

transformer[J]. arXiv preprint arXiv:1809.08895, 2018. 

[96] Emilio Parisotto, Ruslan Salakhutdinov. Neural map: Structured 

memory for deep reinforcement learning. arXiv preprint 

arXiv:1702.08360, 2017. 

[97] Murali Karthick Baskar, Martin Karafiát, Lukás Burget, Karel Veselý, 

Frantisek Grézl, Jan Cernocký. Residual memory networks: 

Feed-forward approach to learn long-term temporal dependencies// 

2017 IEEE International Conference on Acoustics, Speech and Signal 

Processing, New Orleans, LA, USA, ICASSP 2017: 4810-4814 

[98] Jörg Bornschein, Andriy Mnih, Daniel Zoran, Danilo Jimenez 

Rezende. Variational Memory Addressing in Generative Models// 

Isabelle Guyon, Ulrike von Luxburg, Samy Bengio, Hanna M. 

Wallach, Rob Fergus, S. V. N. Vishwanathan, Roman Garnett, 

Advances in Neural Information Processing Systems 30: Annual 

Conference on Neural Information Processing Systems 2017, Long 

Beach, CA, USA, NIPS 2017: 3923-3932 

[99] Diederik P. Kingma, Max Welling. Auto-encoding variational bayes. 

arXiv preprint arXiv:1312.6114, 2013. 

[100] Trang Pham, Truyen Tran, Dinh Q. Phung, Svetha Venkatesh. 

DeepCare: A Deep Dynamic Memory Model for Predictive 

Medicine// James Bailey, Latifur Khan, Takashi Washio, Gillian 

Dobbie, Joshua Zhexue Huang, Ruili Wang, Advances in Knowledge 

Discovery and Data Mining - 20th Pacific-Asia Conference, 

Auckland, New Zealand, PAKDD (2) 2016: 30-41 

[101] Aaditya Prakash, Siyuan Zhao, Sadid A. Hasan, Vivek V. Datla, 

Kathy Lee, Ashequl Qadir, Joey Liu, Oladimeji Farri. Condensed 

Memory Networks for Clinical Diagnostic Inferencing// 

 Satinder P. Singh, Shaul Markovitch, Proceedings of the Thirty-First 

AAAI Conference on Artificial Intelligence, San Francisco, 

California, USA, AAAI 2017: 3274-3280 

[102] Schwaller P, Laino T, Gaudin T, et al. Molecular transformer for 

chemical reaction prediction and uncertainty estimation[J]. arXiv 

preprint arXiv:1811.02633, 2018 

[103] Jonathan Woodbridge, Hyrum S. Anderson, Anjum Ahuja, Daniel 

Grant. Predicting domain generation algorithms with long short-term 

memory networks. arXiv preprint arXiv:1611.00791, 2016. 

[104] Sang-Woo Lee, Chung-yeon Lee, Dong-Hyun Kwak, Jung-Woo Ha, 

Jeonghee Kim, Byoung-Tak Zhang. Dual-memory neural networks 

for modeling cognitive activities of humans via wearable sensors. 

Neural Networks 92: 17-28 (2017) 

[105] Tharindu Fernando, Simon Denman, Aaron McFadyen, Sridha 

Sridharan, Clinton Fookes. Tree Memory Networks for modelling 

long-term temporal dependencies. Neurocomputing 304: 64-81 

(2018) 

[106] Zadeh A, Liang P P, Mazumder N, et al Amir Zadeh, Paul Pu Liang, 

Navonil Mazumder, Soujanya Poria, Erik Cambria, Louis-Philippe 

Morency. Memory Fusion Network for Multi-view Sequential 

Learning// Sheila A. McIlraith, Kilian Q. Weinberger, Proceedings of 

the Thirty-Second AAAI Conference on Artificial Intelligence, 

(AAAI-18), the 30th innovative Applications of Artificial Intelligence 

(IAAI-18), and the 8th AAAI Symposium on Educational Advances 

in Artificial Intelligence (EAAI-18), New Orleans, Louisiana, USA, 

AAAI 2018: 5634-5641  

[107] Muhammad Asjad Khan, Hung Le, Kien Do, Truyen Tran, Aditya 

Ghose, Hoa Dam, Renuka Sindhgatta. Memory-Augmented Neural 

Networks for Predictive Process Analytics. CoRR abs/1802.00938 

(2018) 

[108] Trang Pham, Truyen Tran, Svetha Venkatesh. Relational dynamic 

memory networks. CoRR abs/1808.04247 (2018) 

计
算
机
学
报



52          2020  

 

[109] Jiani Zhang, Xingjian Shi, Irwin King, Dit-Yan Yeung. Dynamic 

Key-Value Memory Networks for Knowledge Tracing// Rick Barrett, 

Rick Cummings, Eugene Agichtein, Evgeniy Gabrilovich, 

Proceedings of the 26th International Conference on World Wide Web, 

Perth, Australia, WWW 2017: 765-774 

[110] Pablo Sprechmann, Siddhant M. Jayakumar, Jack W. Rae, Alexander 

Pritzel, Adrià Puigdomènech Badia, Benigno Uria, Oriol Vinyals, 

Demis Hassabis, Razvan Pascanu, Charles Blundell. Memory-based 

parameter adaptation. arXiv preprint arXiv:1802.10542, 2018. 

[111] , , , . ҍ [J]. 

Journal of Software, 2017, 11: 2905-2924. 

[112] Tishby N, Zaslavsky N. Deep learning and the information bottleneck 

principle[C]//2015 IEEE Information Theory Workshop (ITW). IEEE, 

2015: 1-5. 

[113] , ᴝ . : ֲ ῒ [J]. 

ҍԈ , 2018, 1(11): 86. 

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. 


