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A review of machine reading comprehension for automatic QA

YANG Kang, HANG Ding-jiang, GAO Ming

(School of Data Science and Engineering, East China Normal University,

Shanghai 200062, China)

Abstract: Artificial Intelligence (AI) is affecting every industry. Applying AI to education

accelerates the structural reform of education and transforms traditional education into

intelligent adaptive education. The automatic Question Answer system, based on deep

learning, not only helps students to answer questions and acquire knowledge in real-time,

but can also quickly gather student behavioral data and accelerate personalization of the

educational process. Machine reading comprehension is the core module of an automatic

Question Answer system, and it is an important technology to understand student

problems, document content, and acquire knowledge quickly. With the revival of deep

learning and the availability of large-scale reading comprehension datasets, a number of

neural network-based machine reading models have been proposed over the past few years.

The purpose of this review is three-fold: to introduce and review progress in machine

reading comprehension; to compare and analyze the advantages and disadvantages between
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various neural machine reading models; and to summarize the relevant datasets and

evaluation methods in the field of machine reading.

Keywords: Artificial Intelligence; intellectual adaptation education; deep learning;

machine reading comprehension

0 Ú ó

�X<ó�U��êâ���uÐ, �ÝÆSEâ�3��/C�X��1�. gÄ¯

�XÚU
n)Æ)¯K, ¿l°þ©�¥¯�¼��Y, ¢�)�Æ)¦¾. Åì�Ön

)´gÄ¯�XÚ�Ø%�¬. §Un)^r¯K, n)©�, °(�£�^r�Y. Ó�3

��+�, �ÀzÄu5¿å� ²Åì�Ön)�.�±9ÏÆ)3©�¥×�½ �

¯K��'�Ü©, �ÏÆ)LÈÃ�©�, ��Æ)©Û¯K!&EÄ�!¯�à�­�

&E�Uå.

g,�ó?n (Natural Language Processing, NLP)´¢y�U!<Å�p�­�Ä�,

Åì�Ön)K�À�g,�ó?n+��)þ�²¾. @3 20­V 70 c�, Æö�¿£

�Åì�ÖEâ´ÿÁO�Å§Sn)<a�ó�'��{, duvkÜ·�©�L«�

ª±9DÚÅìÆS�.k��[ÜUå, Åì�Ön)uÐ�ú. 2015 c�, �X�5�

Åì�Öêâ8�Ñy±9 ²�ä�E,, Åì�Ö+�¯�uÐ. y��Åì�Öêâ

8U?Ö/ª�y©�ü�a: W�ªÅì�Öêâ8, X CNN/Daily Mail, MCTest �; ã

áÄ�ªÅì�Öêâ8, X SQuAD, DuReader �. �©´��Åì�Ön)nã, 3éI

S	Åì�Ö�.?1ïÄ±9êâ8Nï��, X­0�W�ª!ãáÄ�ªÅì�Ö

�., lØÓ��Ý�ã�.m�`:±9Øv.

�©� 4 !, (�SüXe: 1 1 !0�Åì�Ö�½Â�@ÏïÄ. 1 2 !0�CcJ

Ñ�Äu ²�ä�Åì�Ö�., '��a�.�`:±9Øv. 1 3 !o(Åì�Öê

â8±9µ��I. 1 4 !éÅì�Ö+�?1o(±9Ð".

1 Åì�Ön)�½Â�uÐ{§

1.1 Åì�Ön)�½Â

�O�Å�U§Sn)<a�ó´�Ï�k]Ô� AI��8I, �ØB¬�)ù��

¦¯, �o�â�´ý��n)<a�óº½ö`n)<a�ó¿�X�oºùpÚ^©

z [1] éÅì�Ön)�£ã, ÏLL 1 ¤«�¥I¤��¯§�áÈ5�ãÅì�Ön)

�½Â.

3L��A�c¥, NLP�«}ÁXlØÓ�¡5n)<a�ó, Xe¤«:

ccc555III555 �¦O�Å§SI5�é{¥¤kc�c5. ¤��¯§�áÈ�1�

é“3y�, 
�U�ïÄÆ¯”, “
�”´;k¶c, “Æ¯”´ÊÏ¶c, “ïÄ”´Äc,

“3”áu0c.

···¶¶¶¢¢¢NNN£££OOO �¦O�Å§S£OÑ�é{¥�<¶!/¶�¢N, X“@Ï¦3@

��l§H, Æ�
Ø��£”, “@�”´/¶, “§H”´<¶.

ééé{{{)))ÛÛÛ �¦O�Å§S�Ñéf¥c�c�m�'X±9éf(�, X“
��â

���,� nÆ[§ ”, “
�”´Ì�, “�”´¢�, “â�”´U��.
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���������))) �¦O�Å�U§S�Ñéfp<¶��c�m���'X. ~X“y��,


�U�ïÄÆ¯. @Ï¦3@��l§H, Æ�
Ø��£”, 1�é¥�“¦”��
�.

LLL 1 §§§���áááÈÈÈ¤¤¤������¯̄̄

Tab. 1 A idiom story

3y�, 
�U�ïÄÆ¯. @Ï¦3@��l§H, Æ�
Ø��£. §Hk�, 
��â��

�,� nÆ[§  (§H�33). ¦�§ [�, § 3ÂpZú. �
Ø�6§ , ¦Ò¹á3

§ [��. § 25�uy�	�È®e
�ºõ�. §�áÈdd
5.

�â±þá�£�±e¯K:

1 
�U���oº

ïÄÆ¯.

2 @Ï
��P�´Xº

§H.

3 X¹á3§ [��º


�.

�½¤��¯±9n�¯K, £�1��¯K�, I�c5I5±9é{)Û5©Û“y�

�, 
�U�ïÄÆ¯”. Ù¥
�´Ì�, U�´¢�, Æ¯Q´U�q´¶c. (Ü¯K±“�

o”(�, �±�´íÿÑ�Y.

£�1��¯K�, ½ �“y��, 
�U�ïÄÆ¯. @Ï¦3@��l§H!Æ�


Ø��£”. Ø=I�é{)Û!c5I5�Eâ, �I����)�Ñéf¥�“¦”��
�,

·¶¢N£OEâ£OÑ“§H”´<¶, ù�¯K¿ã�Î.

£�1n�¯K�, I�$^þã 4 «g,�ó?nEâ5)û¯K.

±þ 4 « NLP ?Öég,�ó?1ØÓ�¡�©Û, �´Ä�3�«?Ö/ªU
nÜµ

�±þ 4 « NLP ?Öº©z [1] @�Åì�Ön)´µ��U§Sé�óØÓ�¡n)§Ý�

�Z�ª. �X·�¦^�Ön)��{ (�ÿÁö�ã{, 4ÿÁö£��N©�ØÓ�¡�

¯K) �ÿÁ<a´Än)©Ù��, éuO�Å5`, Åì�Ön)��üX�Ó��Ú. �


£�¯K, O�ÅÄk�lØÓ�¡n)©�, âU�(£�¯K. du¯K´l©����

�¡�O
5�, ÏdÅì�Ön)´µ��ón)��Ü·�{.

1.2 Åì�Ön)�uÐ{§

@3 20­V 70 c�, Lehnert�<[2]@�Åì�Ön)´ÿÁO�Å§Sn)<a�ó�

­��{. duvkÜ·�©�L��{, ù��Ï�Åì�ÖEâuÐ�~�ú. �XM�5

U�J,!�ÝÆS�E,!�5�Åì�Öêâ8�Ñy¦� ²Åì�ÖEâ×�uÐ,

Åì�Ön)2gÚå<��'5. �!0�@ÏÅì�Ö�., 2010—2015c�ÚO�., ±

98cuÐ×��Äu ²�ä�Åì�Ö�..

1.2.1 @ÏXÚ

20­V 70 c�, ïÄ<
¿£�Åì�Ön)´ÿÁO�Å§Sn)<a�ó�­�

µ��{. 3 1977 c, Lehnert�<[2]JÑ
 QUALM XÚ. Ó��O�@¯�5K, Ì�^5

��ïÄ<
)û¢S¯�¯K. du<a�ó�E,5, ù
@ÏXÚ¿ØU��n)<

a�ó�Ï", 3 1980 c� 1990 cÏm, ù«ïÄó�Ä�?uÊ¢G�. 20­V 90 c�",

Hirschman�<[3]Â8
 3—6 c?�Æ�Öá�, JÑ
1��Åì�Öêâ8, Têâ8�

¦Åì�ÖXÚU
]ÀÑ�¹�(�Y�éf. ù��Ï�ó��)Hirschman �<JÑ
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�Äuc�!f��Â� Deep Reader System, Rilofd �<[4]JÑ�Äuüc!�Â±95K

� QUARC XÚ. du"yÜ·�©�L��{±9r�[ÜUå��., d�ãÅì�Ö?Ö

��(Ç�k 30%∼40%, �.5U����<aÏ".

1.2.2 ÄuÅìÆS�Åì�Ön)

2013c� 2015 c, ïÄ<
òÅì�Ön)?ÖÀ�iÒÆS¯K, ± (¯K, ©�, �

Y) n�|�/ªÂ8êâ8, F"Ôö��ò (¯K, ©�) N�¤�Y�ÚO�..

Richardson�<[5]JÑÅì�Öêâ8 MCTest Ú 2 «ÚO�.. MCTestÂ8 660 �J�

�¯, z��¯�k4 �üÀK, z�üÀK�k4 �À�. Ó�Richardson�<JÑü«ÚO

Åì�Ö�., �«ÄuwÄI�, §ïþ¯K¥c!�Y�wÄI��m�\�ål, ¦^å

l��A�5ýÿ�Y. ,�«ò¯K�ÿÀ�Y|¤b�, |^©�%¹XÚ�äb��©�

�m�%¹'X, éÿÀ�Y?1üS. ©z [6-8] JÑ�X�ÅìÆS�., ù
�.�E�þ

5
ué{)Û!���)Úci\�©�A�, �ï3��>.ÆSµe�þ. ù��ÏÄ

uÅìÆS�Åì�Ön)�.3 MCTestêâ8þ�O(Ç3 63%∼70%�m.

�@ÏÄu5K��.�', ÅìÆS�.��é��?Ú. ��.5UJ,�©k�, �

�3±e"::

(1) ÅìÆS+�, "yÜ·�©�!c�L��{. ÅìÆS+�¦^c��.!

TFIDF �.é©�?1L�, �ù«�{"�S��m� �&E, ¿�c®Lé��, ¬�3

A�pÝDÕ¯K.

(2) ÅìÆS�.î­�6Ä:g,�ó?nEâ, X�Â�ÚI5!é{)Û�. ù


 NLP óälA½+�êâÔö�5, ?nØÓ+�êâ�, ¬�3�zØ�±9\ÈØ��

¯K, ���.5Ueü.

(3) ykÅì�Öêâ8�kI\, �5���. MCTestêâ8=k 1 480 �Ôö��, Ø

v±ÔöûÐ�ÚOÅìÆS�..

1.2.3 Äu�ÝÆS�Åì�Ön)

duDÚ�ÅìÆS�.ØUéÐ/?n©�L�¯K, ¿��.�E,ÝØp, éuÅ

ì�Ön)ù«AI��¯K, �.o´?uj[ÜG�. �X�ÝÆS�2g,å, Äu�Ý

ÆS�Åì�Ö�.k��)±þ 2 �¯K, r?
Åì�Ön)�uÐ.

éuÅìÆS�.�©�L�¯K. ©z [9-11]JÑ¦^f� ²�äÔöc�þ�., c

�þ�.òci\�$��þ�m, �Ó�c3$��þ�m¥ ��C, cL�¯K��k

��). 3c�þe©L�¥, �Ó�c3ØÓþe©¥ATkØÓ�L�, =I���?è

ì, ù�?èìU
�;¿?èc�þe©&E. ©z [12-13]JÑ¦^Ì� ²�ä (Recurrent

Neural Network, RNN) ��?èì. c�þ�.±9?èì�Ú\¦�©�L�¯K��k�

?n.

¡éE,�Ön)?Ö�, DÚÅìÆS�{òE,?Ö©�õ�f?Ö, ^Õá�Åì

ÆS�.?nf?Ö. duù
�.vk100% �O(Ç, �õ��.�å$��, J�¬�)

\ÈØ�, ��XÚ5Ueü. 3�ÝÆS��, à�à� ²�äe�¦��.���¬?1

g·AÆS, ò©�L�!©�n)!©�ín?1k�(Ü, ;�\ÈØ���).

2015c, DeepMind ïÄ
 HermannÄgJÑ�5�kiÒW�ªÅì�Ön)êâ

8 CNN/Daily Mail. Ó�, ¦�mu�Äu5¿å� ²�ä�Öì35UþdØDÚ�..

 ²Åì�Ö�.äkr��©�L�Uå±9ínUå, r?Åì�Ö+��?Ú. d��ª

����.�JÑ, X Standford Attention Reader, Attention Sum Reader �.

êâ8´ ²�ä�.�Ä�, �5�Åì�Öêâ8�Ñyr? ²Åì�Ö�.�u
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Ð. �L5�ó�kd"4�Æ� SQuADêâ8[14], �^ïÄ�� MSMARCOêâ8[15], u

� î � Æ � TRIVIAQA[16], NewsQA[17], NarrativeQA[18], RACE[19], SearchQA[20],

DuReader[21]�. �âêâ8�E,§ÝØÓ, ØÓA�Ä�Uå±9ínUå��.��

muÑ5. 31 2 !, ·�ò�[0�Äu ²�ä�Åì�Ö�.. 1 3 !·�©Û�«êâ

8�A:!êâ8µ��I±9�.5Ué'.

2 �.0�

�5�êâ8�Ñy!M�5U�J,±9é(ÌÂ�E,r? ²Åì�Ö�uÐ. d

uØÓa.��Ön)¯K�	<aé©ÙØÓ�¡�n), Ïd, Åì�Öêâ8��±©

� 2 a: W�ªêâ8, l¯õÿÀ�Y¥]ÀÑ�(�Y; ãáÄ�ªêâ8, l©�¥Ä�

�Ü©f8���Y. �,Ñæ^�YÄ���ª5)ûùü«?Ö, �ùü«?Ö3JÝþ

´4O�, Ó�W�ª¯K�	�.éuÛÜþe©�n), lÛÜþe©5ýÿ"�c. ã

áÄ�ª?Ö�¦�.�â¯Kr��©, n)�©ØÓÜ©�m��Â'X. �!SüXe:

2.1 !½Â¯K/ª; 2.2 !�[0�Äu5¿å��.; 2.3 !0�ÄuõÓín��.; 2.4 !

0�Ù¦�.; 2.5 !o(�a�.�`:±9Øv.

2.1 ¯K½Â

�,Åì�Ö?Ö/ª¯õ, �Ä�þÑ�±n)� 3 �| (¯K q, ©� d, �Y a) ï��

/ª, =�½¯K q Ú©� d, �.é�Y�^�VÇ

P (a|d, q) (a ∈ C) (1)

?1ï�, Ù¥ C�ÿÀ�Y8. ØÓ�«O3uW�ªÅì�Ö��Y´��¢N½öÄc,

�3��ÿÀ�Y8, �.I�lÿÀ�Y8¥]ÀÑ�(�ÿÀ�Y. ãáÄ�ª?Ö��Y

´©� d �f8, I�l©�¥ýÿ�Y�å© ��(å �. Taylor�<[22]ÄgJÑW�ª

��Öµÿ?Ö (Cloze style Questions), l��éf¥�K��¢Nc/¤¯K. 4Åì�Ö

XÚ�Ö©��¯K, ýÿ�"c, l
µÿXÚ��ÖUå. CNN/Daily Mailêâ8´W�

ªÅì�Ö?Ö¥äk�L5�êâ8. L 2 w«CNN/Daily Mail �����, �.I�ò¯

K¥� X O�¤<¶Oisin Tymon. Rajpurkar �<JÑ� SQuAD´ãáÄ�ª?Ö¥äk

�L5�êâ8. L 3 w« SQuADêâ8¥�����, �±wÑØÓ¯K¤�Ä���Y�

Ý�Ø¦�Ó.

LLL 2 Daily Mail êêêâââ888¥¥¥���������������

Tab. 2 An example of Daily Mail dataset

Context

The BBC producer allegedly struck by Jeremy Clarkson will not press charges against the “Top

Gear” host, his lawyer said Friday. Clarkson, who hosted one of the most-watched television

shows in the world, was dropped by the BBC Wednesday after an internal investigation by

the British broad-caster found he had subjected producer Oisin Tymon “to an unprovoked

physical and verbal attack.”. . .

Query

Producer X will not press charges against Jeremy Clarkson, his lawyer says.

Answer

Oisin Tymon
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LLL 3 SQuAD êêêâââ888¥¥¥���������

Tab. 3 An example of SQuAD dataset

In 1870, Tesla moved to Karlovac, to attend school an the Higher Real Gymnasium,

where he was profoundly influenced by a math teach Martin Sekulic. The classes were held

in German, as it was a school within the Austro-Hungarian Military Frontier. Tesla was able

to perform integral calculus in his head, which prompted his teachers to believe that he was

cheating. He finished a four-year term in three years, graduating in 1873.

1. In what language were the classed given? German

2. Who was Tesla’s main influence in Karlovac? Martin Sekulic

3. Why did Tesla go to Karlovac? attend school at the Higher Real Gymnasium

2.2 Äu5¿å��.

É�<ÀúXÚUl°,�À�¥­:'5a,�«��éu, O�ÅÀú+��@JÑ

5¿åÅ�. �� Bahdanau�<[23]ò5¿åÅ�Ú\ ²Åì�È, wÍJ,
�.��È5

U, 5¿åÅ�â3NLP +��2�¦^. Hermann�<[24]ò5¿åÅ�Ú\Åì�Ön)�

.¥, wÍJ,
�.�O(Ç.

�!ò�[0�5¿åÅ�3Åì�Ö+��A^. Äu5¿åÅ�ò�.©�üa: �

����.������..

2.2.1 �����.

õê�����. (�����¹Â3e©`²)´�)ûW�ªÅì�Ö?Ö. ©z [24-

26] ©OJÑ Attentive Reader, Standford Attentive Reader Ú Attention Sum Reader n«��

���..

Hermann�<[24]mu
 CNN/Daily Mailêâ8¿JÑ Attentive Reader. �.e�X

ã 1 ¤«, ¦^ 2 �ØÓ�V�LSTM ?èìé©� d Ú¯K q ?1�Â?è. ��ò¯K q �

����c����ÛõG�?1©�, /¤¯KL«u. éu©� d ¥�z�c, O�Ù

� u �5¿å�­, ¿?1\�Ú/¤©�L« r, ÏL��5C� g, KÜ¯K u �©� r ��

ÂA�, ��¦^ softmax ?1�Yýÿ. ¯K�©��5¿å�­�n)��.l¯KÑu,

é©�¥c�'5§Ý. du5¿å�­´���þ, ¤±¡�������..

r

g

u

s(1)y(1)
s(2)y(2) s(3)y(3)

s(4)y(4)

Mary went to England X visited England

ã 1 Attentive Reader e�ã

Fig. 1 Architecture of Attentive Reader

� Y � N õ ó � Ñ 3 Attentive Reader Ä : þ ? 1 U ?. Chen� <[25]3 Attentive

Reader �5¿å�¬þ?1ü?`z, JÑ Standford Attentive Reader. 35¿åO�þ,
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�.æ^V�5¼ê
�Attentive Reader¦^� Tanh ¼êO�5¿å�­, V�5¼ê�

k�5®3Åì�È�+����y, Chen�<[25]é CNN/Daily Mailêâ8?1Ä�©Û,

@�Têâ8ØI�E,�ínUå, 3��©��5¿å\�ÚL«��, vk?1��5

C�, ��¦^ softmax ?1�Yýÿ, {z�.. �ª Standford Attentive Reader �5U�

L Attentive Reader, m�y² Chen�<[25]Ä�©Û�(Ø.

Kadlec[26]JÑ Attention Sum Reader (AS Reader) �., 3©z [25] �Ä:þ°{�Y

ýÿ�. é¯K q �©� d ?è, O�¯K�©�¥z��c�5¿å�­. ÉPointer

Network[27]éu, ��¦^8�z��5¿å�­���Y�VÇ, é�Óc�VÇ?1\

\. �, AS Reader �Yýÿ�¬�L{ü, ���é¯K!©�?1¿©�A�Ä�, �U�

�Ø���J. ù«°{��YýÿüÑé�Y�����.kX���K�.

��5¿å�.Ì��éW�ªÅì�Ö?Ö. �.æ^��Ì� ²�ä±9��5¿

åÅ�ÒUéÐ/é¯K!©�?1L«. ����¯KL«�þ¬��Ü©�Â&E, O\

�.�ínJÝ, ü$�.�YÄ�O(Ç. ������.�', �����.¦^��5¿

åÅ�¿©Ä�¯K!©��©�A�±9ÓP§��m��Â�p'X.

2.2.2 �����.

�����.ò¯KØ ¤��È��þ, �U¬��¯K�ÂA����. ù«��é

u{ü�Åì�Ö?Ö5`, K�Ø�. éuI�E,ín�Åì�Ö?Ö, ¯K�ÂA���

�¬O\�.ínØå, ?
K��.5U. �!0������., §U¿©�÷¯K�Â&

E, Or©�!¯Km��Â�p.

©z [24] ¥� Imaptient Reader´Ä������., Attentive Reader æ^�����

ª, =¯K q �©� d �m�5¿å�­´���þ, ��ul¯K q Ñu, ?1�g©��Ö.

�<3��Ö?Ö�,   l¯KÑu, �Ö©�, £�¯K, 2g�Ö©��. ÉdL§�é

u, Impatient Reader �Ö¯K q ¥z�c�, O�Tc�©�¥¤kc�5¿å, ¿�\�Ú

5àÜ©�&E. ã 2 w« Impatient Reader �e�ã, ¦^ØÓ��¯KL«u 5ØäJ�©

�A� r. ù«5¿åÅ�¦��.?è¯K�, ÑUl¯Kq �z��cÑu, ØäàÜ©�

&E. duO�¯K¥z�c�©�¥¤kc�5¿å�­, �ªò����5¿å�­�þ,

Ïd¡da�.������..

r r r

g

u

Mary went to Englaand X visited England

ã 2 Impatient Reader e�ã

Fig. 2 Architecture of Impatient Reader

É Impatient Reader �éu, ©z [28-31]©OlØÓ�¡�÷©�A�, ?1�Yýÿ.

Cui�<[28]JÑ Consensus Attention Sum Reader (CSA Reader), T�.3�Yýÿ�ã
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� AS Reader Ñ¦^ Pointer Network�ä. CAS Reader �é¯K¥�z��c, O��©�

¥¤kc��qÝ (q¡©�à5¿å), ©O¦^ Sum, Average, Max n«éu�ªò¯K

¥z��céA�©�à5¿åKÜ¤��5¿å, ��æ^ Pointer ýÿ�ª�Y. Ó�©

z [28] qJÑ¥©W�ªÅì�Öêâ8 Children’s Fairy Tale(CFT), r?¥©Åì�Ö�u

Ð.

©z [29] JÑ Attention of Attention Reader (AoA Reader). AoA Reader ?�ÚU? CAS

Reader �5¿åKÜ�¬. AoA Reader Äu©�¥�z�c¼�¯Kà�5¿å, 2�â¯K

¥z�c¼�©�à5¿å. é©�à�5¿å�­?1KÜ�,©z [29] @�CAS Reader é

uª�KÜ�YØä�)º5, ��¿©|^¯Kà�5¿å&E. ÏdAoA Reader é¤k¯

Kà5¿å�²þ, ��Ú¯K�Ý�Ó����þ, �þ�z����éA¯K¥���c,

T����n)�¤éA�céu��©����§Ý, �ªò���þé©�à�5¿å?

1\�Ú, æ^ Pointer Network]ÀÑõ�ÿÀ�Y. AoA Reader vkòVÇ�p���ýÿ

�Y, 
´]ÑVÇ�p�c k ���ÿÀ�Y¿éÙ?1üS. �.òÿÀ�YW\¯K��

"?, /¤ÿÀéf. ��yz�ÿÀéf�Ün5, AoA Reader ©Oæ^ Global N-gram LM,

Local N-gram LM, Word-class LM n�ØÓ��yì5éÿÀéf?1�©üS, ]Ñ�`ÿ

Àéf¤éA��Y���ªýÿ�Y.

þã���5¿å�.Ì�A^uW�ª?Ö, e©¤0��Åì�Ö�.Q�A^uW

�ª?Ö, ��A^uãáÄ�ª?Ö.

Wang�<[30]JÑ Match-LSTM �., ¦^ 2 �ØÓ� RNN é©�Ú¯K?1?è. éu

©�¥�z�c, O�¯Kà5¿å�­. Match-LSTM �.vkæ^V�5¼ê½öTanh ¼

ê5O��qÝ, �XØ©IK¥� Match-LSTM, ò LSTM �¬� Tanh ¼ê(Ü5O�¯

Kà5¿å�­, 2ÏL\�Úé¯K&E?1àÜ. ��3�Yýÿ�¬, Ú\ Boundary

Pointer Network[27]�ä?1�Yýÿ. �,Ú\ LSTM ë�5¿åO�U
�Ð/ï�¯K

�©��m�'X, � LSTM G1�A:¦� Match-LSTM �.�Ôö�íä�mÑ'��,

Ø·^u$ò��¯�|µ.

Seo� <[31]J Ñ Bi-Directional Attention Flow (BiDAF) � .. � . 3 c � L«þ¦

^ glove c�þ, Ó�Ú\iÎi\[32], k��)��¹c�L�¯K. ©z [28-30]JÑ�

�., ½O�¯Kà5¿å�­, àÜ¯K&E; ½O�©�à5¿å�­, àÜ©�&E.


 BiDAF¦^Và5¿å�­, Ó�àÜ©�Ú¯K&E, �[©�Ú¯K�p, 4�/ü$©

�Ú¯K�&E��. BiDAF vkæ^ Pointer Network 5ýÿ�Y, 
æ^�ë��©Oýÿ

�Y�å© ��(å��. 3Ôö�m�ÿÁ�mþ, BiDAF ²w`u Match-LSTM.

©z [33] JÑ R-Net �., R-Net¦^¯Kà5¿å5àÜ¯K&E, ¿ò��Å�Úg5

¿åÅ�Ú\Åì�Ö¥. ù«��Å���Og´5
u<a�ÖL§. <a��Ön)�,

LÈK�¯KÃ'�&E, PÁ�¯K��'�©�&E. �¼�KÜ¯K&E�©�L«�,

©z [33] @�¼��(�YØ=I�©��ÛÜþe©&E, Ó��A'5Ù¦Ü©�©�&

E, Ïd R-net �.Ú\g5¿åÅ�, òz�c�aÉ�*Ð��©�, Or�.é©���

Nn)Uå.

þã������.Ø%�¬´�[¯KÚ©���Â�p, �ù
�.­:'5���

ÂA��ÆS, 
�Ñ$?�{!é{A��­�5. Huang�<[34]JÑ FusionNet �., ¿©

KÜ¯KÚ©�ØÓ�g�&E, X$�g�·¶¢N£O!c5&EÚp�g��Â&E, 5

é¯K!©��Â'Xï�, J,�.�©�A�Ä�Uå. ©z [35] JÑ Stochastic Answer

Network (SAN) �., T�.�M#:3�Yýÿ�. �.3íä�L§¥¬�)õ�ÿÀ�
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Y, SAN ¬�Å¿ï,
�Y, é�e�ÿÀ�Y�²þ5?1�Yýÿ. ¢�L², SAN �Å

¿ïÿÀ�Y�A5vkü$�.5U, wÍOr
�.�°�5.

duW�ªÅì�Ö?ÖØI�E,�ínUå, ¤±�����.�¦^ü��Ì� 

²�ä±9����Å�. {ü����.¬��¯K�Ü©�Â&E, ��ü$�.�Yýÿ

�O(Ç. ©z [30-35]¥������.Ì�A^uI�E,ín�Ä�ªÅì�Ö?Ö, �

.õg¦^Ì� ²�ä±9E,�5¿åÅ�5�[<a�ínL§, ¿©Ä�¯K!©�

A�, ?
J,�.��YÄ�Uå.

2.3 ín�.

3Åì�Ö+�, äkínL§��.¡�ín�.. �.¥�ínL§dæUÓ��¬

½�q�¬ (�õdÌ� ²�ä|¤), O\�ä�Ý5¢y. 3ínL§¥, ¯K�©�&E

Øä��#!�p, ?
�Ð/é¯K!©��m��Â'é±9L«?1ï�. ©z [36] J

ÑPÁ�ä, ©z [37] 3PÁ�ä�Ä:þÚ\ multiple hop (æU) üÑ5¢yõÓín. ©

z [38-40]ò multiple hop üÑÚ\�g��., Or�.ínUå, J,�YÄ�O(Ç.

�Ü©Äu5¿åÅ���.I�RNN é¯KÚ©�?1?è. RNN ÏLÈ��ÛõG

�5��©�S��{¤�Â&E, �È��þ¬��Ü©�Â. �éd¯K, ©z [36] JÑP

Á�äe�, ÏL	ÜPÁ�¬5�)RNNÛõG�&E¿��¯K, � Weston�<[36]�Jø

�«�.µe, vk²(�²���¬�äN¢y�d��PÁ�äØU¢yà�à�Ôö, A

^|µ��. ©z [37] JÑà�à�PÁ�ä, ¿3dÄ:þÚ\ multiple hop üÑ5¢yõÓ

ín.

Sukhbaatar� <[37]J Ñ ü � Ú õ � � à � à P Á�ä, õ � � .´ü � � . � æ

U (multiple hop). ã 3 w«�äe�. ã 3(a) �ü�PÁ�ä�k 3 ��¬. ©O´Ñ\

�¬, ÑÑ�¬Ú�Yýÿ�¬. Ñ\�¬Äuõ�éf|¤�©�d ±9¯K q, ò©�¥�

z�éf²LÑ\i\Ý
 A, C��A��m¥, ¿�;3PÁø mi ¥ (ã¥7Ú�^). Ó�

ò¯K q ²Li\Ý
 B, C��Ó�Ý�A��m, /¤A��þ u, ¿ò u �z�PÁ mi ?

1�qÝ��, �Ñ�q5�­. ÑÑ�¬, ò©�¥�z�éf²LÑÑi\Ý
C, N��

ÑÑA��m, ¿¦^Ñ\�¬¥��q5�­�\�Ú, ��ÑÑA�L«. �Yýÿ�¬é

Ñ\A��þ u ���ÑÑA�L«?1�5C�, éÿÀ�Y?1�©.

�uü�PÁ�äk��ínUå, ©z [37] éü�PÁ�ä?1æU (multiple hop), X

ã 3(b) ¤«. 3ínL§¥, ©��Ñ\i\Ý
 A Ú C 3ínL§¥�±ØC, �¯K�Â&

E3�©��õg�pL§¥Øä�#. ù�L§��u�X¯Kõg�Ö©�, Øän)¯

K, üØ¯K¥�Ã�&E, �â©�Ä�Ñ¯K�Y.

©z [38] JÑ Gated Attention Reader (GA Reader), �.3Ú\ multiple hop üÑ�Ó

�qO\��5¿åÅ�. 3ínL§¥, �¯K�Â&E�±ØC, õg¦^Ì� ²�

ä LSTM Ú��5¿åÅ�°õ©��ÂL«. Ó�¦^¯K�Â&Eé©�¥c�ØÓ�Â

�Ý?1LÈ, ��5¿åÅ�é©�?1JX, ¦��.äk�r�©�n)Uå.

Sordoni�<[39]JÑS��O5¿å�. Iterative Attention Reader (IA Reader), ù«S

�aqu GA Reader �õÓín. IA Reader æ^ GRU �¬?1õÓín, �.��O5Ny

3¦^ GRU �¬�ÛõG�é¯K?1��5¿å��, n)¯K�Â. ,�|^¯K��Â

L«±9 GRU �ÛõG�é©�?1��5¿å��, Jõ©�&E, ��L§Øä/�O?
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1, ¢yõÓín.
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Fig. 3 Architecture of End-To-End Memory Networks

©z [37-40]¥��.æ^æUÅ�5�[<a�õÓínL§, �ín��^:ØÓ. ©

z [37] �\5­¯K�n), 3õgínL§¥Øä/¦^5¿åÅ�Jõ¯K�ÂA�, LÈ

K¯K�Ã�&E, �â©�Øä/\��.é¯K�n). ©z [38] � GA Reader �.�±

¯K�ÂØC. 3ínL§¥, �X¯K�E�Ö©�!n)©�!Jõ©�, \��.é©�

�n). ©z [39] �þã�.�`:, �O5/J�¯K9©�¥k�A�, wÍJ,�.�L

«�ínUå.

©z [37-39]ý½Âíngê, �ØÓ�¯KI�ØÓ�ínUå. {ü¯K, LÝ�í

n�U�\L[Ü. Shen�<[40]JÑÄ�íngê� ReasoNet �.. ReasoNet ò?è��©

� d �¯K q ��	ÜPÁ�¬, ò¯K�����ÛõG���SÜ��ì�Ð©G�. ¿

¦^��5¿åO��c��e�¯K-©��Â&E, ,�Ó�c��ì�SÜG��å, �

�GRU �.Ñ\, �#��ìSÜG�. ª��±��ìSÜG���Ñ\, Ä�/û½´

Äk7�UY�Ö©�. ª���)�´���: True, (åín¿?1�Yýÿ; False, UY

�Ö©�. T��ÑÑ¿Ø��, ØU¦^FÝ�{Ôö�.. � Shen �<òrzÆS[41]Ú

\ ReasoNet ?1�.Ôö.

æUínüÑwÍJ,�.��YÄ�Uå, r?Åì�Ö+��uÐ. �´8cín�

.��ä(���Lü� (�õêæ^Ì� ²�ä(�), ínüÑ�Ø
(¹. �mu(¹�

ín�ä(�, �\p��ínüÑ®¤�T��:I)û�¯K.

2.4 Ù¦�.

Å ì � Ö � . Ø = � u 5 ¿ å � . ! í n � ., Ó�� k Ä u ò È ²�

ä (Convolutional Neural Networks, CNN) ÚýÔö��Ön)�.. duýÔö�ó�.

äk�©r��©�L�Uå, §�·^©c!·¶¢N£O!©�©a�g,�ó?n?Ö.

2.4.1 Äu CNN �Åì�Ö�.

�õêÄu5¿å��.Ñ¦^RNN ?1©�?è. RNN Ì�A5UéÐ?n©�S�

SÜ��6'X, ���
5�¯K´RNN �UG1O�, ?n�©��ØU÷v$ò��¯

�|µ. Ïd©z [42-43]&¢|^ CNN ¿1O�±9ÛÜA�Ä�Uå5?nS�êâ.

48�äU
éS�SÜ��Ï�6?1ï�, �G1$�¤�$ò�¯�|µ�Ì�´
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¶. Wu�<[42]JÑ���5�Éí��ä (Gated Linear Dilated Residual Network, GLDR) 5

�O RNN, 3Øü$5U�cJe, k�ü$�.íä�m. GLDR �¬�|¤Xã 4 ¤«.
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Fig. 4 Architecture of Gated Linear Dilated Residual Network

�.©� 3 Ü©: ü��¬, a��¬, àÜ�¬. ü��¬òc�þ�Ýü$� 100�,

k¦^ÊÏ��òÈC�� 200�. �u©z [44] JÑ��5��ü�3�óï�¥�ûÐ5

U, òc 100�\þ sigmoid C�, ����ü�, é� 100��c�þ?1�ÂLÈ. a��¬

d�ÉòÈ±9���5ü�¤�¤�í�¬|¤, í��ä�±k���FÝ���¯K,

�ÉòÈ¦��.w������þe©, �.��Ï�6ï�Uå�±Or. àÜ�¬d

ÊÏ��òÈ�¤, 2g*��.�aÉ�, Jp�.©�L«Uå. 3Ù¦Ó�^�e, ©

z [42] ò BiDAF �.� LSTM �¬O�¤ GLDR �¬, �.5U��J,, Ôö�íä�mw

Í~�. �' LSTM, GLDR �Ôö�m~���5� 1/6, ü����íä�m~���5

� 1/12. �, GLDR U
ÏL¦^�ÉòÈ5O�aÉ�, ��ÉòÈ¿ØU�©�S�SÜ

üc� �'X?1ï�. Yu�<[43]�¦^ CNN )ûÅì�Ön)?Ö, Ó��Ú\ �i

\5rzücS��m� �&E.

Yu�<[43]JÑ�¦^òÈ!g5¿å�Åì�Ö�.QANet. � GLDR ØÓ, §{z©

z [45] ¥E,� �i\, =¦^�u¼ê!{u¼ê�[ �i\OrQANet éS�üc�

 �a�Uå. Ó�æ^©z [46] ¥��Ý�©lòÈ (depthwise separable convolutions)5

?1S�ï�. ÃØ´�ÉòÈ�´�Ý�©lòÈ, ü�òÈ�ä�aÉ��©k�, ©

z [47] ¥�õÞg5¿åÅ���/?n©�S�SÜ��üc�m��6'X,¦��.U


lõ��¡5n)©��Â. �u QANet Ôö�má�êâþ�é����Ï, Yu�<[43]¦

^£ÈêâOrEâ5?1êâOr, wÍJ,�.5U. ã 5 w«QANet�äe�.

©z [42-43]� , Ñ æ ^ Ø Ó � ò È�ä é©� ? 1 ï �. � Wu� <[42]� é '¢

� (Ablation study) L², �K�ÉòÈé¢�(J�K���u���5ü�. Yu�<[43]�

é'¢� (Ablation study) L², ¦^~5òÈ�O�Ý�©lòÈ, �.5U¬k��eü,
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�êâOr%UwÍJ,�.5U.
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Fig. 5 Architecture of QANet

2.4.2 ÄuýÔö�ó�.

3�5���¥ýÔö�ó�., ò�ó�.¤�¹��£[£�Ù¦?Ö¿��N®¤

�NLP +��#�ª. ¦^Åì�Ön)�.��Yýÿ�¬O�ýÔö�ó�.�ÑÑ�,

2ÏL�NÒU¼���`É��YÄ��J. ��!0�©z [48-49]¥�ýÔö�ó�.,

¿'���ýÔö�.�`":.

2.4.1 !¥�é'¢�L², òÈ ²�ä���C«3©�ï��¡¿Ør�. �©

z [47] JÑ�Äug5¿åÚ�ë�� Transformer �.���Z�È�J�, �y
g5¿å

±9�ë��¬�A�Ä�Uåru RNN. �u Transformer r��©�L«Uå, ©z [48] J

Ñ=d Transformer �)èìæU
¤�ü�ýÔö�ó�.GPT. duÔöÐ��ó�.�

¹��¥�þ�£, òÔöÐ��ó�.[£�Åì�Ö?Ö, ýÔö�ó�.=I�þ�iÒ

êâÚ�N�mÒU��`É�5U.

©z [49] JÑV�ýÔö�ó�.BERT. T�.JÑ Mask Language Model Ú Next

Sentence Prediction ü«ýÔöf?Ö. MLM ýÔö?Ö¬�ÅñK�é{¥Ü©c, ¿©

|^�ñc�þ©!e©5ýÿ�ñc, ù¦��ó�.¥�cL«�¹þe©&E. Next

Sentence Prediction (NSP) ýÔö?Ö^5�ä��¥�üé{´Ääkc�'X, Tf?Ö

ééf'X?1ï�, k|uÅì�Öù«I��[©�!¯K�Â�p?Ö.
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�'u©z [48] ¥ü�ýÔö�ó�.GPT, BERT ù«V��ó�.�¹�´L��Â

��ó(�&E. Ó�, GPT ==¦^ü��ó�., 
 BERT ¥� NSP Ôöf?Ö¦��.

U
�¿©/Ó¼éfé�m��Â'X. 3õ�g,�óíä?Öþ (AO´éfé'Xï�

�?Ö, Xéfé��?Ö!Åì�Ö?Ö) L², BERT ��.5UÊH`u GPT.

2.5 �.'���#?Ð

2.2 !� 2.4 !, 0�5¿å�., ín�.±9òÈ!ýÔö�.. §��m�`:±9Ø

vXe.

õê�����.^5?nW�ª?Ö, �.ò¯K�L«Ø ¤�½�È��þ, ��

¯K&E¿�. ��'ãáÄ�ª?Ö, W�ª�Ö?ÖE,§Ý$, �����.�·Üda

?Ö. �����.�éW�ª?Ö±9ãáÄ�ª?Ö, ùa�., é¯K!©��Â'X?

1ï�. �'�����., §U¿©J�©�A�, J,�.�©�L«Uå.

5¿å�.��X RNN �¦^, RNN ò{¤�ÂØ ¤È��þ, ¿�Ü©�ÂA�. í

n�.Ú\	ÜPÁ�¬5�Ð/�;ücS�{¤&E, Ó�¦^ multi-hop üÑ5�[<a

�õÓínL§. �'5¿å�., ín�.U
�Ð/�;{¤�Â&E, Or�.�E,í

nUå.

Äu5¿å�.!ín�.Ñ¬¦^ RNN �¬5?nS�&E. RNN Ì��A5U
é

Ð/?nücS��6'X, � RNN ØU¿1O�, J±÷v$ò��¯�|µ. Ïd 2.4 !&

¢¦^òÈ�ä5?nS�êâ, �'u5¿å!ín�., ÄuòÈ�ä�.35UØü$�

cJe, qU�ÌÝ~��.Ôö�m�íä�m, �~·^u$ò��¯�|µ.

8c¦^ýÔö�ó�.��N�(Ü��{3Åì�Ö±9õêg,�ó?n?Ö¥

���`(J, ¿¤��c»9�ïÄ��. ù«ýÔö�ó�.æ^g5¿åÅ�, S�SÜ

���üc���p�^, 3©�A�Ä�Uåþ®��DÚ� RNN. duýÔö�ó�.ë

ê¯õ�Ôö��¿v, §U
l��¥ÆS�þ��£, wÍ~�NLP ?Ö�iÒêâÚÔ

ö�m.

3 êâ8Úµ�IO

�5�úmêâ8´Ôö ²Åì�Ö�.�Ä�, ���µ�IO´ïþ�.�ón)

Uå�­��I. 3.1 !k0�Cc5¤JÑ�êâ8, VãØÓa.êâ8�m�«O. 3.2 !

0�êâ8�µ�IO. 3.3 !é�L5�.?1'�.

3.1 Åì�Öêâ8

ØÓ�êâ8�¦ØÓ�Åì�Ö?Ö. �©ò®k�Åì�Öêâ8©�üa: W�ª

êâ8, ãáÄ�ªêâ8. L 4 w«Cc5�JÑ�Åì�Öêâ8.

ØÓaOÅì�Öêâ8�¦�.é©�n)�§Ý!ínUå�Ø�Ó. Chen�

<[25]²Læ�©ÛL², W�ªÅì�Ö?ÖØI�E,��ä�., §éu�.�ínUå

�¦Øp. üãá±9õãáÄ�ªÅì�Öêâ8I��.äk�r�©�A�Ä�UåÚ

ínUå. W�ªÅì�Ö��Y´��¢N½öÄc. üãáÄ�ªÅì�Öêâ8Il©

�¥Ä�Ü©SN���Y, õãáÄ�ªêâ8�¦©Û��ãá�m�'X, lõ�ãá¥

Ä��Y. ¤±ãáÄ�ª?Öé�.JÑ�p��¦, õãáÄ�?Ö�JÝ�'üãáÄ�

�JÝ�p.

3.2 êâ8�µ�IO

µ�IO´ïþ�.´Ääkg,�ón)Uå�­��I, �©�ã�üaêâ8kü

«ØÓ�µ�IO.
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Tab. 4 Summary of Machine reading datasets

?Ö êâ8 �ó 5� ¯K5
 ©�5
 �Y

MCTest [5] EN 2K/500 Crowdsourced Fictional stories Molti. choices

W CNN/DM [24] EN 1.4M/300K Synthetic cloze News Fill in entity

� RACE [19] ZH 870K/50K English exam English exam Molti. choices

ª HLF RC [28] ZH 100K/28K Synthetic cloze Fairy/News Fill in word

CBT [50] EN 688K/108 Synthetic cloze Project Gutenberg Molti. choices

SQuAD [15] EN 100K/536 Crowdsourced WiKi Span of words

ã TrivaQA [16] EN 40K/660k Trivia websites WiKi/Web doc Span of words

á NewsQA [17] EN 100K/10K Crowdsourced CNN Span of words

Ä SearchQA[20] EN 140K/6.9M QA site Web doc Span of words

� NarrativeQA[18] EN 46K/1.5K Crowdsourced Book&Movie Mannual summary

ª MS MARCO[15] EN 100K/200K User logs Web doc Mannual summary

DuReader [21] ZH 200K/1M Web doc Web doc/CQA Mannual summary

W�ªêâ8��Y==´��¢Nc½Äc, ¤±W�ª�Ö?Ö�µ��I´O(Ç.

éuãáÄ�ªêâ8, §��Y´©�¥���¡ã, §�µ��Ik°(��(Exact

Match, EM) Ú�
�� (F1-score). EM �¦�.ýÿ��Y�ý¢�Y����, F1 O��

.éuü����ð£Ç (recall)!O(Ç (precision) �NÚ²þ, ��é¤k���NÚ²þ

�þ�.

F1 = 2 ·
precision · recall

precision + recall
. (2)

3.3 �.5Ué'

L 5 w«äk�L5�����!����±9ín�.3 CNN/Daily Mailêâ8þ�

5U'�.

LLL 5 ���...333 CNN/Daily Mail þþþ���555UUU'''���

Tab. 5 Performance comparison of models on CNN/Daily Mail

�.
CNN Daily Mail

Valid Test Valid test

Sukhbaatar �< (End to End Memory network)[37] 63.4 66.8 NA NA

Hermann �< (Attentive Reader) [24] 61.6 63.0 70.5 69.0

Hermann �< (Impatient Reader) [24] 61.8 63.8 69.0 68.0

Chen �< (Standford Attentive Reader)[25] 72.4 72.4 76.9 75.8

Kadlec �< (AS Reader)[26] 68.6 69.6 75.0 73.9

Cui �< (CAS Reader)[28] 68.2 70.0 NA NA

Cui �< (AoA Reader) [29] 73.1 74.4 NA NA

Sordoni �< (Iterative Attention) [39] 72.6 73.3 NA NA

Seo �< (BiDAF) [31] 76.3 76.9 NA NA

Shen �< (ReasoNet) [40] 72.9 72.4 NA NA

¢�L², ©z [29,31]������.±9©z [39-40]�ín�.3 CNNêâ8þ�O

(Ç²wpu�����.. dd`², �éu�����., �����.�ín�.äk�

r��Â'Xï�Uå, U�Ð/é¯K!©�?1A�Ä�.
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L 6 w«äk�L5������.!ÄuòÈ�Åì�Ö�.±9ýÔö�ó�.

3 SQuADêâ8þ�5U'�.

LLL 6 ���...333 SQuAD êêêâââ888þþþ���555UUU'''���

Tab. 6 Performances comparison of models on SQuAD dataset

�. EM F1

Wang �< Match LSTM [30] 60.474 70.695

Seo �< (BiDAF)[31] 67.974 77.323

Shen �< (ReasoNet) [40] 70.555 79.364

Liu �< (SAN) [35] 76.828 84.396

Huang �< (FusionNet)[34] 75.968 83.900

Wu �< (GLDR) [42] 69.325 77.886

Wang �< (R-Net) [33] 81.391 88.170

Yu �< (QANet)[43] 82.471 89.306

Devlin �< (BERT) [49] 85.083 91.835

¢�L², Äug5¿åÅ�������.`uDÚ�����., ùL²g5¿åÅ

�äk�r�&EJXUå. Ó�ýÔö�ó�.3Åì�Ö+����`5U, ùL²ýÔ

ö�ó�.U
lÃiÒ��¥ÆSk^�£�©�L«, k��)�.�ínØå, �ÌJp

�.5U.

4 o(�Ð"

�©é ²Åì�Ö�.?1XÚ�ïÄ�©Û, VãÅì�Ön)�½Â, éyk� 

²Åì�Ö�.?1©a, o(�g�`:9Øv. Ó�o(ykØÓa.�êâ8, VãØÓ

a.êâ8�A:, ��é ²Åì�Ön)�.3úmêâ8þ�5U?1'�.

�,Äu ²�ä�Åì�Ön)�.äkr��L«Uå, ¿3úmêâ8þ���Ð

��J. � ²�ä�Öì3ÃX��gÄ¯�¥�A^�,�3±e¯K, ��?1e�Úï

Ä, äNXe.

• õ��Ñ\êâ. �,ÄuÅì�Ö�gÄ¯�XÚU
éÐL�©�!n)©�. �

¢SA^¥, Æ)��gÄ¯�XÚ�Ñ\êâ�U´õ���, XAÛK¥©��ã¡�·Ü

êâ, XÛL�õ��êâ´gÄ¯�¡��Ä�¯K. 8c Transformer ®¤�g,�ó+�

�r�A�Ä�ì, XÛA^ Transformer uõ��êâA�Ä�ò´e�ÚïÄ�9:.

• ínUåØr. �©�,0�ín�., �ù
�.�ínUå��~f, ù«Ä

u multi-hop �ínÅ���Lü�, O��Ç$e. �C#,�ãòÈ�äØ=O��Çp�

ä��r�ínUå, XÛòãòÈ�ínUåA^3gÄ¯�+����ïÄ.

• �.�°�5$. 3¢S¥gÄ¯�XÚ¤�É�^rÑ\´E,õC�. éu\\D

(�Ñ\4k�U¤�Åì�Ö�.�é|��. Åì�Ö�.¡éé|���, Ò¬�Ø/

n)©�, K��.�z5U. é|Ôö�±�)þã¯K, �XÛòé|ÔöÚ\Åì�Ö�

.�ÔöL§���e�Ú&Ä.
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