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3.1  ²�äVã
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Ø%SN"ÅìÆS¥é ²�ä�ïÄÌ�æ^1�«g´§�O�«(

�5Jp�äéêâ�ï�UåÚínõU"

3.1.1 ���ooo´́́<<<óóó   ²²²���äääººº

'u<ó ²�ä§Wikipedia�Ñ�½Â´µ3ÅìÆSÚ@��Æ

¥§<ó ²�ä£ANN¤´��É)Ô ²�ä£ÄÔ�§AO´�M�

¥Í ²XÚ¤éu
JÑ�ÚOÆS�.[x"T�ä�^5�O½Cq

@
���!U
�â�þÑ\
�)�"�)Ô ²�ä��
õU1"

Simon Haykin�Ñ�½Â�\ó§z[62]µ ²�ä´d{ü?nü�

�¤��5�¿1©Ùª?nì§U,/äk�;²��£¿éÙ?1$^

�Uå" ²�ä3ü�¡é<M?1�[µ£1¤�£ÏLÆSl�¸¥¼

�¶£2¤�£��;3 ²��m�ë��­¥"

nÜþã½Â§ ²�ä�Ì�A5A�¹Xen:µ

• Ó�5µ ²�ä¥�?nü�£ ²�¤´{ü�!Ó��§ØÓü�
ØØl&E�Â!&E?n!-u�ª��¡ÑäkpÝ��5¶

• ë�5µ ²�ä¥� ²��m´pé�§ÏL|¤�ä5�;�£Ú
�[ínL§¶

• �ÆS5µ ²�ä´�ÆS�§ÏLUC ²��më���­§¢y
�äÆS§·A	5êâ"

ÄuÙr��ÆSUå§<ó ²�ä�±Cq<M��«õU§�)

PÁ!8B£Ä�¤ÚüÌ£ýÿ¤�õU"ù
õUÄuØÓ�ä(�§

XýÿõU��Äuc��ä§
PÁõU�õÄu48�ä"·�ò ²
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�."�Ù�YA!òéù
�.�Å�0�"

1 https://en.wikipedia.org/w/index.php?title=Artificial neural network&oldid=666866254



xiv 3  ²�.

3.1.2    ²²²���...���ÙÙÙ§§§���{{{

X1 1Ù¤ã§ ²�.�JÑéÅìÆSD�<ó�U�uÐå�


­��^"@Ï�<ó�UõÄuÎÒ�{£Symbolic AI¤2§T�{ò<

ó�U¯K8(��â,«O�5K�ÎÒü�XÚ"ÎÒ�{´��x

�XÚ§é¯K?1°(½Â§�)z��Vg�SºÚ	ò!Vg�Vg

m�'XÚö�"ù��{´<aÜ6g��/ªz§äk�ß�¯K£ã
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&?�§�3¢SA^¥�34���"Äk§VgÎÒzäk?ÖAÏ
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â£²�¤Ñy§éJéykXÚ?1?�ÚOr"�)ûù
(J§ïÄ

öJÑ
ë�ÌÂ�{3§^{üÓ�� ²ü�|¤�ä5£ãE,�N

�'X§= ²�ä�{"3ù«�{p§�'5é¯K�)û
�)ûL

§§ÏdØ7éz�Vg?1°(½Â§l
;�
VgÎÒz�(J¶Ó

�§ínL§�/ªz��ä(�9Ùëê§äkér�ÆS5§�#��

£Ñy�§�±¢yg·A¶��§ù�ÆS�6�þêâ§l¥Ä�äk

�Û5!wÍ5�A�Ú5Æ§�Ñ�~ÚA~§Ïdéêâ¥�Ø(½5

k�r�-|Uå"

,
§ ²�.?nDÚ<ó�U¥�ÎÒ¯K�k�½(J§Ï�

ÎÒL�´lÑ�§Ø·Ü ²�.é8I¼ê¦FÝ��¦"�é5`§

ÄuÚOVÇ�.�ÎÒ�{�·Üéù«lÑêâï�"�CïÄöJ

ÑEmbeddingVg§òVgL�¤$��þ§2ÄuT�þ�E ²�ä"

ù��{4�*Ð
 ²�.�A^��§¦Ù�±?nlÑêâÚÎÒ?

Ö"T�{3g,�ó?n+���2�A^§X�ó�.!c5I5!é

{©Û!Åì�È!�ón)� [13, 30]"

=+Xd§ ²�.^uÎÒ?Ö�,�3(J§ù´Ï�T�.Äu

��ëêpÝ��� ²�ä5L«VgÚ5K§T�ä�k�ÆSÏ^

�!;.�&EÚ�ª§�Ñêâ¥�A~ÚD(§Ï
�Or�.��z

Uå",
§3éõÎÒ?Ö¥§éõ�VÇ�A~´kd��§k�$�

�'Ê·5Æ�­�"~X3Åì�È¥§�þ;k¶cÑy�VÇé$§

�ù
c�¹­�&E§é�È��þk��K�"Äu ²�.§ù
�

2 https://en.wikipedia.org/wiki/Symbolic artificial intelligence
3 https://en.wikipedia.org/wiki/Connectionism
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VÇ;k¶cék�U���D(�Ñ§��±�
�{½�Âþaq��

�Ø�(��È"�«�1�g´´ò ²�.ÚÄuVÇ�ÎÒ�{�Ü

å5§4 ²�.ÚÎÒ�.©O?npªcÚ$ªc§�k�Jp�ÈX

Ú�5U [159, 42]"

3.2 ÄuN�� ²�.

ÄuN�� ²�ä´�~��� ²�.��"3ù«�ä¥§Ñ\

��A��þ§ÑÑ�ÄuTÑ\�ýÿ8I"ù�8IQ�±´£8?Ö

¥���ýÿ�§��±´©a?Ö¥���VÇ"ù��.´þ�Ù¤ã

�5ýÿ�.���5*Ð"

3.2.1 lll���555���...mmm©©©

�5ýÿ�.£�

��{ü��5£8�.�L«�:

y =
D

∑
i=0

wixi = wT x

Ù¥{xi : i = 1,2, ...,D}�D�gCþ£q¡A��þ¤§y���ÑÑCþ§

{wi : i = 1,2, ...,D}��A�£8ëê"ã 3.2�ÑT�.�ã/zL«"ù�

L«�±@�´��{ü�!Ø�)Ûõ�� ²�ä"XJÑÑCþ´õ

��§KT�ä(�Xã 3.3¤«"1 2Ù?ØL§T�.���²�Ø�

�O�dub�8ICþ�*	�t�±y�¥%�pd©Ù����q,�

O"

�A�§3�©a¯K¥�Logistic£8�.Xeª¤«µ

y = σ(
d

∑
i=0

wixi) = σ(wT x); σ(a) =
1

1+ exp(−a)
.

��5£8�.�'§Logistic£8�.3�5�.Ä:þO\
�

�LogisticC�"c�Ù?ØL§XJb�*	�£©aIP¤´±y�ë
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x1 x2 x3 xD-1 xD

...

y

Fig. 3.2 �5£8�.�L«�Ø�¹Ûõ�� ²�ä"

x1 x2 x3 xD-1 xD

...

y1 y2 y3

Fig. 3.3 õÑÑ�5£8�.�L«�Ø�¹Ûõ�� ²�ä"

ê�Ëã|©Ù§KT�.���q,�O�du��±����OK�`

z¯K"

XJòþãLogistic¼êO��Xe��¼êµ

g(a) =

−1 if a < 0

+1 if a≥ 0
(3.1)

Ké�©a¯K�ýÿ�:

y = g(
D

∑
i=0

wixi) = g(wT x),
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Ù¥y ∈ {−1,+1}�Lýÿ(J"ù��.=´ ²�äuÐ@ÏÍ¶�a
�ì�."Logistic£8�.Úa�ì�.��´��5�.§�Ú�5�

.é�C§�¡�“C�5�.”"

�.`z�{

�5£8�.�34ª£Closed-form¤){§ÏLêÆí����¦Ñ

ëêw��`�"éuC�5½�E,��.§��Ø�34ª)§ù�Ï

~æ^ê�){§ÏLS�Åì%C�`)"FÝeü{£Gradient Descent,

GD¤´�~^�ê�){§ÏL¦8I¼ê£��²�Ø�½�����¤

éëê�FÝ§ÀJÜ·�Ú�òëê÷FÝ���k�CÄ"ù�L§S

�?1§�Ú�ÀJÜn�§���ÛÜ�`)"�E,�ê�`z�{ò

31Ù 110�"

FÝeü{�¦8I¼ê®��ëY��"éa�ì�.§Ù8I¼ê

¥�¹��¼ê§ÏdØU��|^FÝeü{?1`z"�«)û�{´

Ø�Ä��¼ê§=�Ä�5ýÿwT xÜ©§¦Ù�8ICþt¦�UÎÒ�

Ó"dd���XeØ�¼êµ

L(w) =− ∑
n∈M

wtx(n)t(n),

Ù¥Ù¥wtL«31tg�#���.ëê§x(n)�1n�Ôö��§t(n) ∈
{−1,1}�T���©a§M��Øýÿ£=y(n)�t(n)�ÎÒ��¤���8

Ü"5¿þã8I¼ê�,´ØëY�§Ï�M¬�Xw��#u)UC"

=+Xd§·�E,�±b½M3w�,���S�±ØC§dd¦ÑL(w)

3T?�FÝ"ÏL{üO����Xeëê�#úªµ

wt+1 = wt −α∇L(w) = wt +α ∑
n∈M

x(n)t(n),

5¿²Lþãëê�#�§M�U¬u)Cz§ÏdL(w)�U¬u)��5

Cz§Âñ5¿Ø�*"²LïÄ§<�uyþãS�L§éu?Û���

5�©�êâ8Ñ�(�ÏLk�ÚS��Âñ���éTêâ8�{�©

�©aì"ù�(Ø¡�a�ìÂñ½n£Perceptron Convergence Theorem¤

[103, 19]"
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��5*Ð

a�ìÂñ½n�ïÄöé�&%§íÄ
 ²�äEâ�@ÏuÐ"

,
§y¢)¹¥ý�Ü©¯K´�5Ø�©�§éù
¯Ka�ì�.Ø

="y«©Uå£ù��.��þ´�5�¤§
�Âñ5½ØU�y"�

�²;~f´XeÉ½$�¯K:

y(x1,x2) =

1 (x1 = 0 & x2 = 0)||(x1 = 1 & x2 = 1)

0 (x1 = 0 & x2 = 1)||(x1 = 1 & x2 = 0)

Ù¥xi ∈ {0,1}�Ñ\Cþ§y ∈ {0,1}�LaOI\"Xã 3.4¤«§ÃØN

��O§ÑÃ{é��^��òçÚ�:ÚxÚ�:Ua©m"�é{`§

�5�.Ã{�[É½$�"

x1

x2

0 1

1

y=0

y=1

Fig. 3.4 É½$�L«ã"x1Úx2´ü�Ñ\Cþ§y = x1 xor x2"

²;��a�ì���5Ø�©¯K�§ÔöØUÂñ§ù¦�T�

{3¢SA^¥ké�Û�5§ù�´��@Ï ²�.r�$���Ï

�� [99]"�)ûù�(J§�±òDÚa�ì�.���ÑÑ¼ê£ª

3.1¤?U�ëYÑÑ¼ê£XSigmoid¤§¿ÏLN�ÆSÇ�yÔöÂñ§

=Logistic£8½Softmax£8"ù��{éuÏD(����5Ø�©¯K

äkûÐ�J§��êâ��äkér���5�§�)��a�ì3S�

�«�5�.ÑéJ·^"

�)û�5Ø�©¯K§ïÄöéDÚ�5�.£�)a�ì¤?1


��5*Ð§òÑ\CþÏL��5C�N��C��m§¿3C��mï

á�5�.§=µ

y(x) = wT
φ(x),
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Ù¥φ(x)´éx���5C�¼ê"�C�¼ê�/ªØÓ§���ØÓ��

�5�."A«;.���5C�ÚÙéA��.Xeµ

φ
n
j (x) = ∑

i
wi jφ

n−1
i (x) õ�a�ì

φ j(x) = φ j(‖x− v j‖) »�Ä¼ê

K(x,y) = φ(x)T
φ(y) Ø¼ê

�Ùò0�õ�a�ìÚ»�Ä¼ê§'uØ¼ê�{ò31 5Ù?Ø"5

¿§31 2Ù0��5�.�§·�Ó�J�éx?1��5C�§�TC

�´�½�§ØI�ÆS§Ïd�.�,´�5�"�Ù¤?Ø���5C

�I�éC�¼ê?1ÆS§Ï
�.´��5�"

3.2.2 õõõ���aaa���ììì

òDÚ��a�ì�.*Ð�õ�=��õ�a�ì£MLP¤�."Ø


(�þ�*Ð§�cIOMLP�.Ø2æ^��¼ê��ÑÑ¼ê§
´

æ^�5½Logistic¼ê§ù
¼ê´ëY���§Ïd�ÄuFÝeü�{

?1`z¶Ó�§ù
ÑÑ¼êéAØÓêâ©Ùb�§�©Oé£8?Ö

Ú©a?Ö?1ï�"Ïd§�Ù`MLP´��a�ì�*Ð§ØX`´é

�5£8ÚLogisitc/Softmax£8�*Ð"�!ò0�õ�a�ì�Ä�(�

ÚÔö�{"

3.2.2.1 �.(�

õ�a�ì´é�5£8�.Ú�5©a�.�*Ð"l(�þw§

MLPò�5�.����ä*Ð�õ�§z��ÑÑ²L����5C��

������Ñ\§dd����&EÅ�D��c��ä£Feed-Forward

Network¤"ã 3.5�Ñ���¹��Ûõ��MLP(�"T�.�O�L§

�/ªzXeµ
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x1 x2 x3 xD-1 xD

...

y1 y2 y3

...

Fig. 3.5 õ�a�ì(�ã"

a j =
D

∑
i=0

w(1)
i j xi

z j = g(a j)

ak =
M

∑
j=0

w(2)
jk z j

yk = g̃(ak), (3.2)

Ù¥g(·)Úg̃(·)�1��Ú1���-u¼ê£Activation Function¤§z j�Ûõ

��-u�"5¿T�ä1����u±Ûõ�-u��Ñ\��5½C�

5�.§Ïd3£8?Ö¥§-u¼êg̃����5§=g̃(x) = x§3©a?

Ö¥§���Logistic½Softmax¼ê§=g̃(x) = σ(x)"

ÏLþãc��ä§Ñ\x²LÅ���5C�§���ê1��§�

���5N�φ(x)§2d�����5½C�5�.�¤£8½©a?Ö"

{üO����C�φ(x)Xeµ

φ j(x) = g

(
D

∑
i=0

w(1)
i j xi

)
,

ÑÑ��-u��:



3.2 ÄuN�� ²�. xxi

yk = g̃

(
M

∑
j=0

w(2)
jk g

(
D

∑
i=0

w(1)
i j xi

))
.

ïÄL²§XJ-u¼êÀJ·�£XSigmoid§Tanh§Relu�¤§�Û

õ�� ²��êv
õ�§�¹��Ûõ��MLP�±k��[��ë

Y¼ê"ù�(Ø¡���Cq½n£Universal Approximation Theorem¤

[72, 61, 19, 32]"

3.2.2.2 Ôö�{

�ÅFÝeü�BP�{

MLP�ÔöÚ�5�.Ôö�Ä��K´�q�µ½ÂÐ��8I¼

ê§ÏLN��.ëê¦�8I¼ê��z£½Ø�¼ê��z¤"Ú�5

�.ØÓ�´§õ�(�Ú��5-u¼ê¦�MLP�8I¼êC��~

E,§��ØU��)Û)§ÏdÏ~æ^ê�){"FÝeü£Gradient

Descent¤´�~^�ê�`z�{§Ùëê�#Xeµ

wt+1 = wt −η(t)∇L(wt),

Ù¥wt�1tgS���.ëê§∇L(wt)�8I¼ê31tgS��FÝ§η�

ÆSÇ"GD�{zgS�3��êâ8þO�FÝ§�Ç�$"Stochastic

Gradient Descent £SGD¤´�~^�MLP`z�{" SGDÚFÝeü{

£GD¤aq§Ñ´¦8I¼êéëê�FÝ§¿�FÝ��éëê?1S�

N�"ØÓ�´§SGDzgS�=�ÅÀJ�Ü©Ôöêâ§ÄuTêâ

O�FÝ¿N�ëê"ù��ÅÀJ�êâ8Ï~¡���Mini-Batch"Ä

uMini-Batch§SGD��Å5�r§�Ü©�ØØÜn�ëêÐ©z�5�

K�¶Ó�§Ï�z�Mini-Batch�Ñéëê?1�#§�#��ëê�^

ue��Mini-Batch�FÝO�§ÏdÂñ�Ý�¯"ØØGD�´SGD§Ñ

�U��ÛÜ�`"

���5�MLPëê�U�êz�§éXd�þ�ëê?1`z§=¦

ÄuSGD�{��,�Ç$e"RumelharÚHinton�< [125]31986cJÑ�

�D4�{£Backpropagation, BP¤é�§Ýþ)û
ù�¯K"BP�{|

^
MLP��g(�§Äu�ê�óª{KÚÄ�5y�{éëê?1^S

¦�§;�
­EO�"·�^��Øî��~f5`²BP�{��n"�

��K�MLP§z���k��ëê§ù�(��L�N�¼êXeµ
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fMLP = f 1
w1
� f 2

w2
...� f K

wK
,

Ù¥�L«¼êi@§ f k
wk
��ê1k��L�N�¼ê§wk�T¼ê�ëê"

8I¼êL(w1,w2, ...,wK)éwk��ê��¤Xe/ªµ

∂L
∂wk

=
∂L
∂ f 1

∂ f 1

∂ f 2 ...
∂ f k−1

∂ f k
∂ f k

∂wk
.

þª`²§�¦Léwk��ê§I�é1k����¤k�¦N�¼êéÑ\

�FÝ"XJéz�wküÕO��ê§w,¬E¤­EO�"�«)û�{

´|^Xe4íúª§d ∂L
∂ f 1m©^SO�

∂L
∂wk ,k = 1,2,3, ...µ

∂L
∂ f k =

∂L
∂ f k−1

∂ f k−1

∂ f k

∂L
∂wk

=
∂L
∂ f k

∂ f k

∂wk
.

l ²�ä�Ýw§ù�L§�/�L«�FÝd�����cÅ�D�§

Ïd¡���D4�{§=BP�{"±£8?Ö�~§Ù8I¼ê�Xe�

�²�Ø�:

L =
N

∑
n=1

(
fMLP(x(n))− t(n)

)2
,

å©FÝO�Xeµ

∂L
∂ f 1 = 2

N

∑
n=1
{ fMLP(x(n))− t(n)},

5¿þãFÝ�ýÿ��*	��Ø�Ú§ÏdBP�{��±w�´Ø��

��D4"

ÔöE|

BP�{3�nþ´�ß�§�¢S¢y��I�c[�O"ù´Ï�

��êO\±�§É���5¼êi@�K�§Ø��cD4C��5�(

J§�Uu)��½�¿",��¡§��.ëêO\�§L[Ü¯K�5

�î­§��3ÿÁ8þ5Ueü"��§Ï�Ã{���Û�`§�.�

þÉëêÐ©zK���"ïÄöo(
�
 ²�.Ôö¥~^�²�§

ù
²��±k�JpÔö�­½5ÚÂñ�Ý"I�`²�´§ù
²�

3ÔöÙ§ ²�.��²~^�"
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• Ñ\/ÑÑ�5zÚA�C�(Feature Normalization and Transfer)" XJ
Ñ\ÚÑÑ3��þLu©Ñ§ÔöJÝò��O\"��¡§ ²�ä

�ë��­��Ð©z3":NC§XJÑ\½ÑÑL�½L�§KI

��õÓS�âU¦�.·Aêâ���",��¡§k
��5¼ê

30NC��¯a§L�½L��Ñ\¬?\��5¼ê��Ú«§��

FÝD��Çeü"Ïd§òÑ\A�ÚÑÑ8ICþ?1�5z´Jp

 ²�äÔö�Ç�­��{"~^��5z�{�)��-���8�

£ò��Mini-Batchp��8��0�1½-1�1�m¤!þ�-��8�£é

��Mini-Batchp��~þ�ØIO�¤!pdz£ò��Mini-Batchp�

êâC��pd©Ù¤"�CJÑ�Batch Norm�{Ø=éÑ\�?1�

5z§éÛõ��?1�5z§k�Jp
�.Ôö�Ç [74]"Ø
�5

z	§�
C��{��r?�.Ôö§AO´�«ü��{§XPCA!

LDA�"ù
ü��{�ýk�Ø�
�?ÖÃ'�D(§l
ü$ ²

�ä�ÔöJÝ"

• ÀJÜ·�-u¼ê(Appropriate Activation Function)" éuØÓ?Ö§
A�ÄÀJØÓ�-u¼ê"�À�-u¼êkSigmoid§Tanh§ReLU§

PNorm§Max-out�"¢�L²§,
-u¼ê£XSigmoid¤N´3Ôö

Ð©�ã�\�Ú«§��Ôö(J [49]¶k
-u¼ê£XReLU¤ä

kÃ.5§N´��ÔöuÑ [50]"Ïd§A�âØÓ?Ö!ØÓêâ©

Ù�¹é-u¼ê�@ýÀJ"3�Ý ²�ä¥§ïÄöÊH��¦^

©ã�5¼ê£XReLu§Max-out¤��-u¼ê§ù
¼ê��5á5

¦�FÝD��\N´ [50]"

• ë��­Ð©z(Weight Initialization)" �­Ð©z  ¬K��ªÔ
ö�J"ØÓ?Ö!ØÓëê£Xë��­Ú £þ¤�UI�æ^Ø

Ó�Ð©z�{"Ï~ïÆék�c�ë�?1Ð©z�§Ù�­�l

����� 1
nk−1
��ÅCþ?1æ���§Ù¥nk−1�c��(:ê"ù

��{¦�z�gÛõ(:���3c�O�L§¥�±�1"�Cï

ÄL²§Ó��Äc�O����Ú��FÝD4�������Ð

�Ð©�.§X�æ^Xeþ!©Ùé1k��c�ë��­?1æ�µ[
− 6√

nk−1+nk+1
,+ 6√

nk−1+nk+1

]
§Ù¥nk−1�c��(:ê§nk+1�e��!

:ê [49]"

• ��&E(Second Order Information)" SGD�{´���{§��Ä8

I¼ê�FÝ§Ø�Ä8I¼ê�­Ç"ù«�{���"�3ué¤k

ëê¦^�ÓÆSÇ§ùw,´ØÜ·�§Ï�­Ç��§ÆSÇAT�

�§ÄKN´Úå��¶��§­Ç��§ÆSÇAT��§ÄK¬ü$
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Âñ�Ý"Úî-.6Ü�{£Newton-Raphson method¤��­ÇéÆS

Ç?1N�§Ï
ÆS�Ç�p"T�{�/ªzXeµ

wt+1 = wt −H−1(w)∇L(wt),

Ù¥H(w)�8I¼ê�HessianÝ
§∇L(wt)�t��8I¼ê�FÝ"d

þª��§Ú\��&E��ué��ëêgÄ��ÆSÇ"��*å

�§·���ÄHessianÝ
þ�é��§=÷,�ëê���­Ç"�

±w�§é@
­Ç��ëê��§8I¼êCz��§ëê�ÆSÇ

g,N$§¦ÆSØ�uLÝ-?Úå��¶é@
­Ç���ëê�

�§8I¼ê��CzØ�§��%ÆS§Tëê�ÆSÇg,O\§\

¯ÆSÚx"é�5��ä§���{�Çép§�é���ä§��O

�HessianÝ
�~(J§ù���æ^��&E�ÚOþ5¼�Cq�

�&E§XHessian Free [96]§AdaGrad [39]§AdaDelta [157]§Adam [38]§

Natural SGD [123, 3, 109, 113]��{"

• ¦^Äþ£Using Momentum¤" Äþ´�3�#�cëê�§Ø=�Ä
�cFÝ§��Äþ��Mini-Batch�FÝ"/ªzXeµ

wt+1 = wt −α[β∇L(wt−1)+(1−β )∇L(wt)],

Ù¥β´Äþëê§∇L(wt)�3t��8I¼ê�FÝ"�8I¼ê3ØÓ

��­Ç�����§Äþ�{�k�Ö�ØÓ­ÇéÆSÇ�ØÓ�

¦§ÏdO\Ôö­½5ÚÔö�Ç [112]"Äþ�{�@�´�«±�

$O��d¼���&E��{"

• �§ÆS£Curriculum Learning¤ Bengio� [14]ïÄL²§3 ²�ä

Ôö¥§�±òÔö��?1©|§kÆS'�N´���2ÆS'�(

J���§�JpÆS�Ç"ù�a'éÆ)�Ç�L§§��k4Æ)

ÆS
�N´��£§2ÆS��\��£§Æ)�ÆS�Ç�p"

• [£ÆS£Transfer Learning¤ ²�äÔöI��þêâ§�éõ�ÿ
+�êâ�¼�ÚI5JÝé�"�«)û�{´|^®k�ä��Ä

:§^Ù¥¤�¹��£�Ï#?ÖÆS§ù��{¡�[£ÆS"ïÄ

L² [16, 10]§XJ·�®²k���Ð��.§�±^�«�{òÙ¥

��£[£�#�ÆS?Ö¥"�{ü��{´ò�©�.�c¡A��

�<5^�#?Ö�.�A�J��§2Äu#?Ö�+�êâ?1UY

ÆS",�«�{´^�©�.é#?Ö?1��§¦�#?Ö�ýÿ�

��.�ýÿCq [69, 148, 139]"¯¢y²§ù
[£ÆS�{�4�J
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p#�.�Ôö�J§AO´�#?Ö�Ôöêâ���§ù��{��

J�\²w"

• �Kz£Regularization¤ ²�ä�."�k��£§��Äuêâ°
Ä5`zëê§ÏdN´�\L[Ü"3ÔöL§¥\\�Kz�k��

�L[Ü§Jp�.��*Ð5"�«�Kz�{´38I¼ê¥\\é

ëê½ ²���KzÏf§Xl1 [92]Úl2 [85, 129]�å",�«~^�

�Kz�{´Eearly stop§T�{Äu���y8§�3�y8þ�5U

m©eü�=Ê�Ôö [114, 115, 24]"Ød�	§·��UI�éëê�

#L§?1��§XéFÝ½ëê�������?1��§��ê�þ

�Ø­½5 [110]"�DÔö��@�´�«�Kz�{§ÏL3Ôöê

â¥�Å\\�
D(§�±¦ ²�ä'5�kd��êâ�ªÚ5Æ

[154]"�CJÑ�Dropout�{ [133]��@��´\DÔö§�ØLD(

Ø´\3êâþ§
´\3Ûõ(:"ïÄL²§ù��{�k���ë

êm��ÓÔö¯K§¦�z� ²��k�L5"��§�«�.}à

�{��@�´�«Ú\(�DÕ5��Kz�{ [33, 119, 155, 93, 92]"

3.2.3 »»»���ÄÄÄ¼¼¼êêê���äää

MLPÄu¼êi@£Function Composition¤�O��5C�φ(x)§z�

�C�¼ê´{ü��5N�N\����5-u¼ê"»�Ä¼ê£Radio

Basis Function, RBF¤�äÄu,�«g´¢yù��5C�"T�{3N

��m�O�X�I£:£Anchor Points¤{v j}§Äuù
I£:§�±ò
z��æ�:x^T:�v j�m�ålL«Ñ5§¢y
d�©�m�C�

�m���5C�φ(x)"z�I£:v j�LC��m¥���Ä£Basis¤§Ä

uv j�ål¼ê¡���»�Ä¼ê§=RBF"RBF�ä3¼êCq!�S

ýÿ!©a?Ö±9XÚ��¥k2�A^ [22, 128, 94]"

3.2.3.1 RBF�ä�Ôö�{

���¹M�RBF��äXã3.6¤«§Ù¥1���N��§z�φ jé

A��RBF§½ÂXeµ

φ j(x) = φ j (‖x− v j‖) ,
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Ù¥φ´?¿��C�¼ê§‖ · ‖L«�þm�,«ålÿÝ£Xî¼ål¤"
ÑÑ�O��MLPaqµ

yk(x) =
M

∑
j=0

w jkφ j(x). (3.3)

x1 x2 x3 xD-1 xD

...

y1 y2 y3

...

Fig. 3.6 �¹M�RBF�»�Ä¼ê�ä"

RBF¥�φ j/ª�±´õ��§�~^´Xepd/ª:

φ j(x) = exp

(
−
‖x−µ j‖2

2σ2
j

)
, (3.4)

Ù¥{µ j}=�c¡?Ø�I£:8§σ j´pd©Ù���"5¿þãp

d/ª´ål||x− µ j||�üCþ¼ê§
�±x�Cþ�õCþpd©Ù"

Hartman�<y² [60]§�Ûõ(:v
õ�§ª 3.4¤«�pdRBF|¤�

�ä�±Cq��ëY¼ê"ParkÚSandberg�<í2
ù�(Ø§¦�u

yéõRBFØ¼ê�I÷v�½���^�Ñ�±Cq¤këY¼ê [108]"

RBF�ä�Ø%g�´^N��mp�
äk�L5�:£I£:¤�

�Ä5¢y�©êâ���5C�§Ïdù
I£:�ÀJ�'­�"Ï~

^ÃiÒÆS�{5ÀJI£:§Xpd·Ü�.§Ø=�±(½v j§��

^5ÆSz�φ j(x)�ëê§XpdRBF¥�σ j"(½ÐRBF��§�|^�
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5�.�ÆS�{ÆS1��N��ëê",�«�.Ôö�{´òRBFÚ

�5�.w��N§ÄuBP�{?1Ú�ÆS"ù«�{���RBFé�c

?Ö��`z§����RBF�UL�5'��£z�RBF�¥%�UØ2

�L��k��I£:¤§l
ü$�.�zUå"

3.2.3.2 RBF�ä�¿Â

RBF�ä�¿Â�±l��©Û!Ø£8Ú©a?Ö�A��¡n)§

�!éù
g´�{�0�"

l��©Û�RBF

3��©Û?Ö¥§�½�|Ôöêâ{(x(n), t(n)) : n = 1,2, ..,N}§é�
�#�Ñ\x§�OÜ·�ÑÑt"�½��N�¼êφ(·)§���{½Â�
�Ñ\xéA�ÑÑtdeªO�µ

f (x) =
N

∑
n=1

wnφ(‖x− x(n)‖). (3.5)

�Ôö8¥?Û����(x(n), t(n))§- f (x(n)) = t(n)§�����¹N��ª

��§|"5¿T�§|�ëê{wn}��kN�§Ïd�ÙXêÝ
÷��

�����(½)"éuØ3Ôö8þ�:§ª 3.5Jø
�«ýÿ�{§

T�{±x�z�Ôö��x(n)�ålφ(‖x− x(n)‖)��­§\�²þz�Ôö
��x(n)éA�ýÿwn=���t"

ª 3.5¤«����{�ª 3.3¤«�RBF�ä�~�q§��ØÓ�´

��úª 3.5¥�φ(·)´dÔö8(½Ð�§
RBF�ä¥�φ j(·)´ÔöÑ5
�"XJ·�éT��{?1*Ð§#Nz�φ(·)�¥%�±(¹��§�
ê8ØÉÔöêâN���§K����É��RBF�ä§=µ

f (x) =
M

∑
j=0

w jφ(‖x− v j‖).

5¿�M�u��ê�§Ø�3�|ëê{w j}�±�yþªéÔö8¥��
�Ñ¤á"ù�IÏLþ�Ù?Ø��5�.�{é{w j}���q,�O§
ù¯¢þ�´éRBF�ä1��?1Ôö�L§"
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lØ£8n)RBF

�½Ôöêâ{(x(n), t(n)) : n = 1,2, ...,N}§b�(x, t)ÑlXe©Ùµ

p(x, t) =
1
N

N

∑
n=1

f (x− x(n), t− t(n)),

Ù¥ f (x− x(n), t− t(n))�±,��Ôö��(x(n), t(n))�¥%�éÜVÇ©Ù"

XJ f (·, ·)�pd©Ù§Kþª���k�VÇ� 1
N�pd·Ü�."Äuþ

ãéÜVÇ§�½��Ñ\x§�±O�ét�ýÿµ

y(x) = E[t|x] =
∫

t p(t|x)dt =
∑n
∫

t f (x− x(n), t− t(n))dt
∑n
∫

f (x− x(n), t− t(n))dt
.

-g(x) =
∫

f (x, t)dt§ÏLCþ��§��:

y(x) =
∑n g(x− x(n))t(n)

∑n g(x− x(n))
= ∑

n
k(x,x(n))t(n),

ù��{¡�Ø£8£Kernel Regression¤§Ù¥Ø¼êk(x,x(n))½ÂXe:

k(x,x(n)) =
g(x− x(n))

∑m g(x− x(m))
.

XJ·�òk(x,x(n))½Â�RBF�ä¥�»�Ä¼êφ(||x− x(n)||)§òt(n)À

�éA�RBF�ä��­wn§K��aqRBF�ä/ª"5¿ùp�Ø¼

êk(x,x(n))´'φ(||x− x(n)||)�Ï^�/ª"

l©a?Ön)RBF

·���±l©a?Ö5n)RBF"��;.�©a?ÖXã 3.7¤«§

Ù¥êâáuna§z�aCk�^��VÇ�Ý¼êp(x|Ck)5L«"©a?

Ö�Äu����VÇOK§=O�ÿÁ��áuz�a���VÇ§ò�

�VÇ���a��éT���8a"���dúª§T��VÇO�X

eµ

P(Ck|x) =
P(x|Ck)P(CK)

p(x)
=

P(x|Ck)P(CK)

∑k′ p(x|Ck′)P(Ck′)
.

XJ½ÂRBFXeµ
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φk(x) =
P(x|Ck)

∑k′ p(x|Ck′)P(Ck′)
,

K©a?Ö�±�¤aqRBF�ä�/ªµ

P(Ck|x) = φk(x)P(Ck).

ÏdÄu��dúª���VÇO��n)�XeRBF�äµ31��)¤

��RBF¼êφk(·)§31��Äuz�a�k�VÇ��ë��­òÛõ�
�1k�Ûõ(:ÚÑÑ��1k�(:ë�å5"ù��äXã 3.8¤«.

(a) (b)

Fig. 3.7 Äu��d�{�©a?Ö" (a)3A��m�êâ©ÙÚ©a¡¶£b¤z�aé

A�VÇ�Ý©Ù"

3.2.3.3 õ�a�ì�»�Ä¼ê�ä�'�

þ©£ã
ü�;.� ²�ä(�µMLPÚRBF�ä"ùü« ²

�äæ^ØÓ���5*Ð�{��A�N�§�Ûõ(:v
õ�§þ

�£ã?¿ëY¼ê"'�ùü«�.�uy¦�kéõØÓ�?"��

wÍØÓ´MLP�.¥�z�Ûõ(:�“�-u�”´��²¡c = wT x§


RBF �.¥�z�Ûõ(:�“�-u�”´��¥¡c = ||x− v j||"ù`
²MLP¥x�CÄéÛõ��K�´�Û�§ØØx3�o �§é¤kÛõ

(:Ñ¬�)K�§
RBF¥x�CÄéÛõ��K�´ÛÜ�§�é@


Úx�C�v j¤éA�Ûõ(:�)K�"�é{`§MLP�&ED4�@

�´©Ñ�£Distributed¤§x�&EÏL¤kÛõ(:©Ñ��D4§FÝ

&E�¬ÏL¤kÛõ(:©Ñ/£D§¤këêÑ�£ã,�&E?1?
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P(C1|x) P(C2|x) P(C3|x)

P(C1) P(C2) P(C3)

P(x|C1) P(x|C2)

P(x|C3)

Fig. 3.8 Äu��dúª���VÇO��@�´��RBF�ä§1��¦éz�a

�RBF¼êφk(x)§1��±z�a�k�VÇ��­ë�1k�Ûõ(:Ú1k�ÑÑ(

:"

�!�N"Ïd§MLP´��ëêpÝ����ä"RBFKØÓ§é?ÛÑ
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�Ó�ª�UÑy3��S��ØÓ 

�"

• ª�(�µ3�Ñ½ã�êâ¥§�Cªãäk�r��'5§�Ó�ª
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Fig. 3.9 CNN�ä¥�òÈÚüæ�"òÈ�^õ�òÈØJ�A�§üæ��^5Ö�
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p(t|x) =
K

∑
k=1

πk(x)N
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t|µk(x),σ2

k (x)
)
,

Ù¥πk!µk!σ2
k©O�L1k�pd¤°��­!þ�Ú��§¦�Ñ´Ñ
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p(w) =
1

2b
exp(−|w|1

b
), (3.6)

Ù¥b���©Ù8¥Ý�ëê§w��.�ä�­"±£8?Ö�~§é�

�Ôöêâ8D = {(x(n), t(n)) : n = 1,2, ...,N},�.éTêâ8�VÇO�X
eµ

p(D|w) =
N

∏
n=1

P(t(n)|y(x(n);w)),

Kw���VÇO��µ

p(w|D) =
p(D|w)p(w)

p(D)
.

�.Ôö�8�´`z�.ëêw§¦�p(w|D)��"dup(D)O��~E

,§�æ^XeCq8I¼êµ

L̃(w) = ln p(D|w)+ ln p(w).

5¿þª¥ln p(D|w)=�DÚ ²�äÔö�8I¼êL(w)"�\ª(3.6)§

kµ

L̃(w) = L(w)− |w|1
b

.
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Lé�.�­Ú\ØÓk�VÇ§�±3�.Ôö¥Ú\éA�k��£§
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C"�«{ü��#�{Xeµ
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Kohonen�ä´�«�~{ü�PÁ�ä§T�äÏL�
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3.3.2 Hopfield���äää

s1 s2
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3.3.2.1 �.ÆS
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�-u�ü�p�ë�” [95]"Äuù�OK§�½N�Ôö��{x(n) : n =

1,2, ...,N}§�O�(:siÚs j�m�ë��­�µ

wi j =
1
N

N

∑
n=1

x(n)i x(n)j ,

Ù¥x(n)i �1n�Ôöêâ�i�§éA�ä¥(:si�Ñ\"dþª��§X

Jxn
iÚxn

jÎÒ�Ó§KT��éwi j ��z���§¿�XsiÚs j�m�ë�

\r§TÐÎÜHebbianOK"þãÆS��±æ^Oþ�ª§=µ

wn
i j = wn−1

i j −
1
n
(wn−1

i j − x(n)i x(n)j ),

Ù¥wn
i j�ÆS1n���� ²�siÚs j�m�ë��­"

HebbianÆS�±n)�����q,¯K"�½Ôö8D = {x(n) : n =

1,2, ...,N},`zXeq,¼êµ

L(W ) = p(D;W ) = ∏
n

p(x(n);W ),

Ù¥W = {wi j}��äëê"�þãVÇäk3Ùd/ª£Gibbs Measure¤X

eµ

p(x(n);W ) ∝ e∑i j wi jx
(n)
i x(n)j −∑i θix

(n)
i ,

Ù¥{θi}�<��½��.ëê£ØIÔö¤"{üO���§Äuþãb�
���q,OK�duHebbianOK"Ïd§HebbianOK�8�´¦Ôöê

â�VÇ��z"éAþãVÇ/ª§��Ñ\x�Uþ¼ê�µ

E =−∑
i, j

wi jxix j +∑
i

θixi, (3.7)

Ïd§HebbianOK��±n)�¦Ôöêâ�Uþ��"

ã 3.16�Ñ��Uþ¼ê«¿ã§Ù¥î¶L«Hopfield�ä¤?��

ª£=Ñ\x�ØÓ��¤§p¶L«T�ªéA�Uþ"²LÆS±�§3

�äPÁUå��S§Ôöêâ¤éA��ªò?uUþÛÜ�$G�§ù
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é8I¼ê?1`z
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�ªØUéÐPÁ§k�UØ

éAUþ�$:"
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x x (n)
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Fig. 3.16 Hopfield�ä�Uþ¼ê«¿ã"3�äPÁUå��S§Ôö���PÁ¤U
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3.3.2.2 �ªJ�

3�ªJ��§�½�.��­§�½���D(�����ã 3.15�

Ð©�ª§²LS�$1§������TÑ\����q�PÁ�ª"ù

�L§Xã 3.16¤«µÐ©�ª���x§ÏLS�Ïé�C�UþÛÜ�

$:§�ª���PÁ��ª"�¢yù�S�|¢§Äkò�ä(:Ð©

z�x§=si = xi"�úª 3.7§�¦du,� ²�si��Cz�Úå�Uþ

Czµ

∆Ei = E(si =+1)−E(si =−1) =−2∑
j

wi js j +2θi.

þª¿�XXJ÷vXe^�§K(:si�+1¬¦Uþ�$µ

−∑
j

wi js j +θi < 0,

XJØ÷vþª^�§KAési�−1"ù�(Øo(�XeS�|¢OKµ

si =

+1 if ∑ j wi js j ≥ θi

−1 otherwise
.
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Hopfield�ä���wÍA:´3�ªJ�L§¥§l��Ð©�ªÑ
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ù��.dHintonÚSejnowski31985cJÑ [1]"��;.�À�[ùÅX

ã3.17¤«§Ù¥��L«��(:{vi}§x�L«Ûõ(:{h j}"ØØ´�
�(:�´���(:Ñ´���ÅCþ§�z�(:�VÇ©Ù�6�Ù

�ë�(:��"�¡·�¬w�§ù��.¯¢þ´��Ã�ã§½¡�

ê��Å�Å|£Markov Random Field, MRF¤"
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h1 h2

v1 v2

Fig. 3.17 À�[ùÅ(Boltzmann Machine¤(�ã"�Ú(:vi���(:§xÚ(:hi�

Ûõ(:"��(:ÚÛõ(:Ñ´�ÅCþ"

3.3.3.1 $1�æ�

30�Hopfield�ä�§·�J�T�ä3�ªJ��§ÏLS��#

z� ²�(:��5ÏéUþ¼ê�ÛÜ�$:"À�[ùÅ�$1�ª

aq§�´ÏLS��ª��Uþ�$"ØÓ�´À�[ùÅ´�Å�.§

Ï
ù�Uþ�$Ø´G���þ�Uþ�$§
´���«­½©ÙG

�"

ÚHopfield�äaq§·�½ÂÀ�[ùÅ����ªs�¤k��(:

ÚÛõ(:��«���ª"½Â�ªs�UþXeµ

E(s) =−∑
i, j

wi jsis j−∑
i

θisi. (3.8)

ÚHopfield�ä�kØÓ�´§À�[ùÅS.þ�si ∈ {0,1}"b�T�ª
�VÇ©Ù�À�[ù©Ù§=µ

p(s) ∝ e−
E(s)

T , (3.9)

Ù¥§T��~ê"·��	,�(:si£�U´Ûõ(:½��(:¤§Ù

UþCÄ�µ

∆Ei = E(si = 0)−E(si = 1) = ∑
j

wi js j +θi. (3.10)

dÀ�[ù©Ùúª§��:
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pi=0

pi=1
= e−

∆Ei
T .

5¿�pi=0 = 1− pi=1§²L{üO���:

pi=1 =
1

1+ e−
∆Ei

T

. (3.11)

þªL²3$1��À�[ùÅ�§AÄuª 3.11ési?1Ä�§Ù¥∆Ei�

3.10O�"5¿∆Ei�6�(:i�'�¤k��(:s j§Ï
´��S�æ

�L§"²L�ã�m�$1�§À�[ùÅò��­½G�§T­½G�

�Ð©G�Ã'§���.ëê�'"þã$1L§¯¢þ´��3Ùdæ

�L§§3TL§¥§zg�é��(:si�^�VÇP(si|s−i)?1æ�§Ù

¥s−iL«�Ø(:si	�ªs���"3�YÙ!·��±w�þãæ�L§

3�°��b�eÂñ���­�©Ù"

ÚHopfield�ä�'§À�[ùÅ´���Å�ä§ØU�Hopfield�ä

@�Âñ����Ñ\�ª��C�PÁ�ª§
´�VÇ)¤�«�ª"

�,3æ�L§¥k��VÇÄk)¤ÚÑ\�ª�C�PÁ�ª§��ª

¬­½��.ëêû½�VÇ©Ùþ§�Ð©Ñ\Ã'"

3.3.3.2 Ôö�{

À�[ùÅ�ëê�)z� ²�� �þ{θi}Ú ²�m�ë��
­{wi j}§(½
ù
ëê=(½
À�[ùÅ¤�L�VÇ©Ù§=ª
3.9Úª 3.8"3¢Sö��§·�F"��À�[ùÅU¦�U�LÔö�

��¢S©Ù5Æ"5¿�Ôö��éA�.���(:§�Bu«©§·

�PÔöêâ�v§Ù¢S©Ù�P+(v)"Ó�§PÀ�[ùÅ¤�L�©Ù

�P−(v)§T©Ù�ÏLéÛõ(:�>�z��µ

P−(v) = ∑
h

P(v,h).

�.Ôö�?Ö´N�À�[ùÅ�ëê{wi j,θi}§¦T�.Ù¤�L�©
ÙP−(v)Ú¢Sêâ©ÙP+(v)¦�U�q"æ^KullbackõLeibler (KL)ÑÝ

5£ãùü�©Ùm�ål§���ÆS8I¼êXeµ

L({wi j,θi}) = ∑
v

P+(v) ln
P+(v)
P−(v)

. (3.12)
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éþª?1��z§=��¤éÀ�[ùÅ�Ôö"¢S¢y�§�æ^F

Ýeü{éþãKLÑÝ?1`z§=µ

wi j = wi j−α
∂L

∂wi j
, (3.13)

θi = θi−α
∂L
∂θi

, (3.14)

Ù¥α�ÆSÇ"ÏL{üO���XeFÝúª [1]µ

∂L
∂wi j

=−(p+i j − p−i j), (3.15)

∂L
∂θi

=−(p+i − p−i ), (3.16)

Ù¥p+i jL«¢Sêâ8¥ ²�siÚs jÓ�-u�VÇ§p−i jL«À�[ùÅ

�­�©Ù¥ ²�siÚs jÓ�-u�VÇ" p+i Úp−i ©OL«�¢Sêâ©

ÙÚÀ�[ùÅ�­�©Ù§ ²�si�-uVÇ"

l/ªþw§úª 3.15Úúª 3.16�L�ÔöL§�~{ü§é,�

ëê�#��I�Ä�Tëê�'� ²�(:�-uVÇ§�	Äu

�.O���ù�VÇ´ÄÎÜ¢S=�"l,���Ýw§ù�Ôö

¯¢þ�Hebbian OK´���µ�3Ôöêâ¥w�ü� ²�Ó�-

u�§p+i j��§ù�XJp−i j��§`²�.éù��Ó-u5£ãØ
§

Kúª 3.15�K�§Ïd�ª 3.13éwi j?1�#�§¬¦wi jO\"ù�

´HebbianOK¥�“Ó�-u� ²�ë�Or”�K"

�,/ªþé{ü§3¢S¢y�§À�[ùÅ�Ôö%��(J"ù

´Ï�p−(v)�O��~E,§I�À�[ùÅ$1�­�©ÙâU���

Ð��O",
§$1�­�©ÙØ=�Ñ¤�þ�m§
�´Ä®²��

­�éJ�ä"�´Ï�ù
(J§Ï^�À�[ùÅ3¢SA^¥¿Ø

ÊH"¦+Xd§ù��.¤�5�nØd��~²wµ�´ÙÔöL§

�HebbianOK���5§l,��¡y²T�.�±Ü©�[<a ²X

Ú�ÆS�ª¶�´ù��.ë�
��d�{Ú ²�.�{ü�Æ�§

��¡y²
 ²ÆS¥�|^VÇ�{§,��¡L²VÇ�.�±#N

�Ï^�(�§XÓ��(:ÚÚ��^�VÇ¶n´ù��.ë�
Ôn

Æ¥,
{ü�Ä�XÚ£Xc^zL§¤ÚÅìÆS¥�VÇ�. [71]§

�«
VÇ�{�ÔnÆ�,
��éX"
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3.3.4 ÉÉÉ���ÀÀÀ���[[[ùùùÅÅÅ

Ï^À�[ùÅéJÔö§�XJéÙ(�?1eZ��§K���

k��Ôö�{"�«��(�´ò��(:{vi}ÚÛõ(:{h j}©�ü
|§�kØÓ|�ü�(:�±p�ë�"ù�(�¡���5À�[ùÅ

£Restricted Boltzmann Machine, RBM¤§�ÐdPaul Smolensky31986cJÑ§

��¡�Harmonium [132]"��RBM�(�Xã 3.18¤«§Ù¥�Ú(:

L«��(:§xÚ(:L«Ûõ(:§ùü|(:mkÃ�>ë�"

h1 h2

v1 v2

Fig. 3.18 ��5À�[ùÅ£Restricted Boltzmann Machine, RBM¤(�ã"�Ú(:��

�(:§xÚ(:�Ûõ(:"ØÓ|m�(:m�±Ã�>ë�§Ó|(:mÃë�"

RBMk2�A^"Äk§RBM�±@�´�«�ªÆS�{§ÙÛC

þ�±L�êâ�wÍ�ª"Hinton�|^ù�Uå3©�©Û¥ÆSÌK

�. [67]"Ùg§XJÛCþ'��§�±@�´�«êâü��{ [66]"

1n§Ï�RBM�±ÆSêâ¥�Ì�A�§�KZ6§Ïd�^�A�J

��. [29]"1o§RBMõ^u�iÒÆS§�XJ��Cþ¥�¹,
8

ICþ§KRBM��^uiÒÆS§X©a?Ö [87]"

3.3.4.1 RBM�$1

RBM$1�{ÚÏ^À�[ùÅaq§�duÚ\É�(�§$1å5

�\{ü"�ÄRBM�Uþ¼êXeµ

E(v,h) =−∑
i

aivi−∑
i

bihi−∑
i j

wi jvih j,
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Äuù�Uþ¼ê�½ÂXeéÜVÇ©Ùµ

P(v,h) =
1
Z

e−E(v,h), (3.17)

Ù¥Z = ∑v,h e−E(v,h)´8�zÏf£�¡�Partition Function¤"ù�Ïfd

�.ëêû½§��.G�Ã'"RBM�É�(�4�{z
^�VÇO

�µ�½Ûõ(:§z���(:�VÇ©Ù´^�Õá�£Conditional

Independent¤¶��§�½��(:§Ûõ(:�äkÓ�á5"ù�^�

Õáá5/ªzXeµ

P(v|h) = ∏
i

P(vi|h), (3.18)

P(h|v) = ∏
j

P(h j|v). (3.19)

ÏL{üO���µ

P(vi = 1|h) = σ(ai +∑
j

wi jh j), (3.20)

P(h j = 1|v) = σ(b j +∑
i

wi jvi). (3.21)

��§RBM¥�^�Õáb�4�{z
�.$1§¦�3Ùdæ�

�±©¬?1£Block Gibbs Sampling¤"äN$1L§Xeµ�½��Ð©

G�§Äu�c*	Cþv§�úª 3.19Úúª 3.21æ�Ñh¶Äuæ���

�h§�úª 3.18Úúª 3.20æ�Ñv"XdÌ�æ�§=�Âñ�­�©

Ù"

3.3.4.2 RBM�Ôö

3ÔöL§¥§·�F"�.3Ôöêâþ�VÇ�p§½Uþ�$"

dª 3.17��µ

P(v) =
1
Z ∑

h
e−E(v,h).

é��Ôö8D = {v(n) : n = 1,2, ...,N}§Ù8I¼ê��¤Xe��q,/
ªµ
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L({wi j,ai,bi}) =
1
N ∑

n
lnP(v(n)) =

1
N ∑

n
{ln[∑

h
e−E(v(n),h)]− ln[Z]}.

�æ^FÝeü{éþª¥�ëê?1`z"±wi j�~§5¿�−E(v,h)¥

�k��Úwi j�'§Ï
kµ

E(wi j) =−vih jwi j + const.

�\8I¼êµ

L(wi j) =
1
N ∑

n
{ln[∑

h
ev(n)i h jwi j+const ]− ln[Z]}.

O�8I¼êéwi jFÝ�µ

∂L(wi j)

∂wi j
=

1
N ∑

n

[v(n)i h jev(n)i h jwi j+const ]h j=1

∑h evih jwi j+const − ∂ ln[Z]
∂wi j

=
1
N ∑

n
[(v(n)i h j)P(h j = 1|v(n))]− ∂ ln[Z]

∂wi j

= < vih j >data −
∂ ln[Z]
∂wi j

,

Ù¥< vih j >dataL«Äu¢SÔöêâ���vih j�Ï""5¿�Z =

∑v ∑h e−E(v,h)§Ïd�^Ó���{J�ÑÚwi j �'��?1¦�§�

�
∂ ln[Z]
∂wi j

= vih jP(vi,h j) =< vih j >model ,

Ù¥< vih j >modelL«Äu�c�.�­�©Ù���vih j�Ï""nÜå

5§kµ

∂ lnP(v)
∂wi j

=< vih j >data −< vih j >model . (3.22)

Äu�q�L§§�é �aÚb?1�#µ

∂ lnP(v)
∂ai

=< vi >data −< vi >model ,

∂ lnP(v)
∂b j

=< h j >data −< h j >model .
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XJ·�£�eÏ^À�[ùÅ�Ôöúª 3.15§Ò¬uyþãRBM�

Ôöúª 3.22Úª 3.15�©�q§Ñ´“ÛÜÔö”§=é,�ëêwi j��

#=�Ä�Të��'�ü�(:"ù�A:w,´ÚÀ�[ùÅ�Uþ¼

ê/ª�'�"

3.3.4.3 é'ÑÝÔö

þãÔö�{wå5�,{ü§�3¢S¢y��Ç�,é$§Ï�O

�< vih j >modelI��.$1�­�©Ù"Hinton32002cJÑ
�«é'Ñ

Ý£Contrastive Divergence§CD¤�{ [65]§T�{�IAg3Ùdæ�=

��¤�gëê�#§
ØIXÚ$1�­�©Ù"äNL§Xe¤«µ

1 while Not Converge do
2 lÔöêâ¥�Å����v¶

3 ±v�Ñ\Cþ§Äuúª 3.19æ�ÑÛCþh¶

4 Äuh§|^úª 3.18��v�­���v̂¶

5 Äuv̂§­E|^úª 3.19æ�ÑÛCþĥ¶

6 é�.�#Xeµ

∆wi j = η(< vh >−< v̂ĥ >),

∆ai = η(< v >−< v̂ >),

∆b j = η(< h >−< ĥ >),

Ù¥η´ÆSÇ§Ï"< ·>dþãæ�L§���Ôö��Ú­�
��O���"

7 end

CD�{�`z8I¿Ø´¦��q,¼ê§
´�[é'ÑÝ£=ü

�KLÑÝ��¤�FÝ§��=´Cq�"SutskeverÚTielemany²§CD�

�#�ª¿ØéA?Û��8I¼ê�FÝ [135]"=+Xd§CD�{3¢

SA^¥�,kûÐLy§4�Jp
�.Ôö�Ç"éCD�{���U?

´é�.�æ�±Y?1£�.ëê3æ�L§¥¬�±Y�#¤§
Ø´

éz�Ôöêâ­#m©æ�"ù��{¡�Persistent CD £PCD¤ [142]"

CD�{�RBMJø
p��Ôöóä§¦RBM�±2�A^§AO´kå

íÄ
�ÝÆSEâ�uÐ [68]"
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3.3.4.4 RBM�.C«

ïÄöÄuRBMJÑéõU?�."Larochelle32008cJÑ^uiÒ

ÆS�RBM [87]"3ù«RBM¥§��Cþ¥Ø
�¹Ñ\A�	§��¹

Ñ\�aOIP"$1��½Ñ\A�§éaOIPO���VÇ§=�¢

y©a?Ö"ù��.�Äu��q,½é'ÑÝÔö§Ó���±Äu«

©58IÔö§=��zP(c|v)§Ù¥c´aOCþ§v´êâA�§�öÑ

´��Cþ"Ø=Xd§iÒÆSÚ�iÒÆS��±Ó���Ôö8I§

¢y·ÜÔö½õ?ÖÔö"

Lee�<32009cJÑòÈRBM£Convolutional RBM, CRBM¤ [90]"a

qòÈ ²�ä§CRBMòÛõ(:©�eZ|§z�|¡���A�²¡

£Feature Map¤§z�A�²¡�(:��ë�ëê"Nair�<32009cJÑ

�«·ÜRBM�. [102]§T�.aq·Üpd�.§Ú\1n|�þ£a

qpd·Ü�.��­¤5��ØÓ|RBM3Uþ¼ê¥��z"

3.3.5 ggg???èèèììì

g?èì£Auto Encoder§AE¤´,�«ÄuPÁ� ²�."��I

OAE�)ü�Ü©µ��?èì£Encoder¤Ú��)èì£Decoder¤§Ù¥

?èì fφ (x)ò�©êâx?è���A��m§)¤A�h§)èìgθ (h)Ä

uA�hé�©êâ?1­�x̂ = g(h)"��;.�AE(�Xã 3.19¤«"

AE�ÆS8I´¦�­��êâÚ�©Ñ\êâ¦�U�C§=¡EØ�

��"é�õêëYêâ§ù�8I�ÏLò�äÔö8I¼ê����²

�Ø�5¢y§=µ

L(θ ,φ) = ||x̂− x||2 = ||gθ ( fφ (x))− x||2.

½Â
þãÔö8I�§ÄuBP�{=�é�äëêφ ,θ?1`z"

AE�Vg@31987cÒÑy
[153, 7]§�´���ÝÆSuÐå5�

âÉ��õ­À"���U��Ï´f��äéA��ÆSUå�f§
�

��ä�Ôö���3(J§��Hinton�JÑ^RBM?1ýÔö��â�

±)û [66]"'u�ÝÆS��£§·�ò3e�ÙäN?Ø"
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h1

h2

1

2

3

4

1

2

3

4

Fig. 3.19 g?èì£AE¤��ä(�"?èì fφ (x)òx?è�A��m§)¤A�£?

è¤h§)èìgθ (h)ÄuTA�)¤x�­�x̂"

3.3.5.1 AE�Ù§�.�'X

AEÚPCAkU,éX [21, 25]"3�5�.�Ù·�J�L§PCA�

Ôö8I´¦��5C����A�3éÑ\?1­��Ø���§Ï

dPCA�±@�´�«AÏ�AE§Ù¥?èìÚ)èì´�5�§��ö�

�ëê"w,§AE�(�'PCA�(¹§#N��5?èÚ)è§#N)è

ìÚ?èìkÕá�ëê§#N�(¹�8I¼ê"Ïd§AEäk'PCA�

r��ÆSUå [66]"

,��¡§AE�RBM�k;�'X"dRBM�é'ÑÝÔöL§�

�§RBM�Ôö8I�´é�©Ñ\êâ�­�Ø���§ù�AE�Ô

ö8I�~�q"Bengio [11]?Ø
ù«�'5§y²RBM¥�CDÔö�

duAE¥�FÝ"AEÚRBM�«O3uRBM�?èÚ)èÑ´�Å�§


AE�?)èL§´(½�"ù�«OéuïÄöò�ÅCþÚ\�AE¥§

dd�)
�«�Å�C©g?èì£Variational AE, VAE¤ [83]"VAEb�

êâd)èìpθ (x|h)�Å�)§Ù¥hÎÜ,�k�VÇp(h)§
?èì^

5�[T)¤L§���VÇqφ (h|x)"VAEJø
�«ò��d�{Ú ²

�ä�(Ü�#g´§Q�|^ ²�ä�r�ÆSUå§��±éÆSL

§?1VÇ�å"
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3.3.5.2 Ù§�å

AE�ÆS8I´éêâ?1­�§ÏdI��½��å^�â�;�

ÆS�²�)£��N�¤"3DÚAE(�¥§A����Ý�uêâ�Ý§

ù¯¢þJø
�«$��å§r��äÆSwÍA�£aqPCA¥�Ì¤

©¤"$��åk�½Û�5§ïÄöJÑ
�õ�å�{5JpAE�ÆS

Uå"�«�å´¦�)¤�A�äkDÕ5§=DÕ?è£Sparse Coding

[104])"DÚ�DÕ?èØ�3��ëêz�?èì§
´Äu��`zL

§§3`z8I¥\\���yDÕA���K�:

h∗ = argmin
h
{L(g(h),x)+λΩ(h)} ,

Ù¥L(g(h),x)´­�Ø�§λ´��DÕ5�ëê§Ω(h)´�yDÕ5��

K�"~���K��)l0�êÚl1�ê"þã`zL§��O�þ��§�

«�U��{´^ ²�ä5ÆSù�?èL§§XPSD�{ [82]"DÕg

?èì£Sparse AE¤K´ò�yDÕ?è��K�Ú\�AE¥§/ªzX

eµ

Lsparse(θ ,φ) = ||gθ ( fφ (x))− x||2 +λΩ(h).

\\T�K��§A��mØ2É$���§Ù�Ý$��±�uÑ\�þ

�Ý§Ï
�ÆS�E,�©Ù(�¶,	§DÕ?èò�wÍ�Ý�"§

¦�A��þäk�r�)º5"

,�«Ú\DÕA���{´é?èì�JacobianÝ
?1�å§8�

´¦A�éÑ\�Cz�\°�§ØÉÛÜCz�K�"�¤8I¼ê/ª

�µ

LCAE(θ ,φ) = ||gθ ( fφ (x))− x||2 +λ ||∂h
∂x
||2.

ù��.¡�Contractive AE£CAE¤ [122, 121]"w,§XJA���-¹

¼ê3h = 0�FÝ�0§CAEÚSparse AE����u)¤DÕA�"

Ø
DÕ5§,�«�å�{´�Ñ\êâ¥\\DÑ§�)xDÑ!

¢S|µDÑ½,
�Ý�êâ»�½"�§|^AElù
\Dêâ¥¡

E�©êâ"ù«\DÔö��u3�©8I¼êþ\\���K�§¦

�8I¼êéÔöêâCz�¯a5ü$ [53]"ù��.¡��Dg?èÅ

£Denoising Auto Encoder, DAE) [145, 146].
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�CïÄL²§DAEäkÆSêâ©Ù�Uå [144, 2, 15]"ù
ïÄ�

����(Ø´é��?è/)èXÚ§XJDÑÚ­�{þ£Reconstruction

Residual¤ÑÎÜpd©Ù§KDAE�±ÆSêâ�VÇ�Ý¼ê"äN5

`§�DÑÎÜXe5Æµ

C(x̃|x) = N(x̃; µ = x,Σ = σ
2I),

Ù¥x̃�\\D(��êâ"�DAEÔöOK�µ

||g( f (x̃))− x||2,

K g( f (x))−x
σ2 ´ ∂ ln(Q(x))

∂x ����O§Ù¥Q(x)L«êâ�¢S©Ù"

lù�(J�±��eZ­�(Ø"Äk§XJé@
�±°(­�

�:x§k g( f (x))−x
σ2 = 0§K3:x?�êâ©ÙVÇQ(x)��z"1�§é@


Ã{°(­��:§­�Ø� g( f (x))−x
σ2 ¯¢þ�ln(Q(x))3T:�FÝ��

´���"5¿ln(Q(x))�±@�´êâx�Uþ|§ù`²DAEÆS
êâ

Uþ|¥�FÝ§FÝ���/�§­�Ø���"ã 3.20�ÑDAEÆS

��Uþ| [2]"Äuþãuy§Bengio�éDAEJÑ
�«VÇ)º§@

�DAE�±À���)¤�.§|^DAE?1�ES�£=òDAE�ÑÑ(

J­#\\D(��e�gÑ\¤§�±)¤éêâ©Ù�æ� [15]"

Fig. 3.20 DAE�±ÆSêâUþ| [2]"�ã´�µã§mã´��ã"ã¥­¡L«¢
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'5§~X�Ñ&Ò¥ØÓ���æ�:§g,�ón)?Ö¥�©�S

�§�¦�´&Ò¥ØÓ����´P¹§M>Å&Ò¥ØÓ�ã���

�"ùaÚ�S�'�¯K¡�S�¯K")ûS�¯K��.Ï~¡�Ä

��.½L§�."
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S�&Ò¥�Ä�uÐ"DÚ�{�)�«Ä�VÇ�.§XlÑG�

�m�Ûê��Å�.£HMM¤ [9, 117]!ëYG��m��5k�ùÈ

Åì£Kalman Filter¤ [80, 124, 59]§½�Ï^�Ä���d�.£Dynamic

Bayesian Network, DBN¤ [34, 35, 48, 45, 101, 37]�{�"ù
�{Ñéêâ

�Ä�5Ú�Å5�Ñ,«VÇb�£����5Úpd�¤§ÄuTb�

é�.?1ÔöÚín"{ü�Ä�VÇ�.éN´Ôö§�·^5Ør§
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ÄuL§£S�¤� ²�.|^ ²�ä5�[ù«Ä�5"3ù

« ²�ä¥§�äÑÑØ=�6�cÑ\§��±�6cS¤kÑ\Ú

ÑÑ§Ï
�ÆSêâ¥�S��'5"ù«�äÏ~¡�48 ²�ä

£Recurrent Neural Network, RNN¤"��5¿�´§S�¯KÏ~´Ú�mS

��'�§ÏdRNNÏ~^3�S&Òï�þ§�RNN�±?n�2Âþ�

S�§XÜ6S�"'X·�)��êÆK§�¤��zÆ¢�§ù
?Ö

��I�A�Ú½§ù
Ú½�m�,k�S5§��­��´Ü6þ�k

�5"Cc5RNN3ù
Ü6S�ï�þ��
�X�¤J [58, 17]"

RNN´�
��[x§�{ü�´�ë��ä§#Nz�(:é¤k

Ù§(:?148ë�"Xþ©¤ã�Hopfield�ä [71]§=�@�´ù

«�ë�RNN"ù�(��,Ï^§�Ôöå5é(J"�±�Äü«)
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Network £ESN¤ [76]",�«�{´Ú\,
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�§XElman�ä [40]§½�#NÑÑ�Úe����Ûõ��348ë�§

XJordan�ä [77, 78]"ùü«�ä´�~^�RNN(�"·�lElman�ä

m©ùå"

3.4.1 Elman RNN

Elman RNN�(�Xã 3.21¤«"ÚMLP�'§�±w�Ûõ��ÑÑ

�£D�Ûõ�§��e����Ñ\§Ïd/¤��48�ä"êÆL«

�µ

ht = σh(W(h)xt +U(h)ht−1 +b(h)),

yt = σy(W(y)ht +b(y)),

Ù¥xtÚyt��ä3t���Ñ\ÚÑÑ§ht�t���Ûõ(:§{W(h),U(h),b(h),W(y),b(y)}�
�.ëê"
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Fig. 3.21 Elman RNN�ä(�"þã´�k48ë���ä(�§eã´ò48ë�U�

mÐm���d�ä"

Elman RNNÔö�æ^DÚBP�{"Xã 3.21¤«§XJòRNN�4

8(���m¶Ðm§�±uy§�du��Ã�����c��ä"Ä
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éRNN¥�ëê?1?�"ù�÷�mBP��{��¡�BP Through Time

£BPTT¤ [152, 150]"nØþ`§?Û�����ýÿØ�Ñ¬£D�¤k{

¤G�§�3¢S¥·���Ñ¬����£D�Ý"ù´Ï��X�mO

�§&Òm��'5Cf§��?�G�Ø¬é�cýÿ�)wÍK�¶,

��¡§BPTT£DÚ½�õ§FÝu)�¿½����U5�� [12]§Ô

ö�(J§=¦Ø��Ý��§RNN�éJò&E£D�L��G�"ù

«Truncated BPTTXã 3.22¤«"
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Fig. 3.22 Truncated BPTT"3��n§�äÑÑ�yn§éA�8I�tn§dd�)�Ø��
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¬�5�Ð�ï�Uå"Cc5§��RNN��2�A^"�ü�RNN�

'§��RNN�±3Ä�A�þÆS�S�'5§¯¢þJø
�«òA�

ÆSÚ�SÆS(Ü3�å�k��ª§Ï
É�2�­À"XzÝúi

�DeepSpeech2�Ñ£OXÚ§Ù(Æ�.Ò´���¹
3�òÈ�Ú7�

48���ÝRNN�ä [4]"

3.4.2 ������äää

c¡?Ø�RNN�.�3��wÍ"�µ§�,3nØþäkÆS�

�A5�Uå§�Ï�Ôöþ�(J [12]§  �UÆ��á��S'X"

Gers�3Ø©¥J�§IORNN���UÆ�5-10����S��ª [47]"

ïÄöJÑ
�«)û�Y§�)�mò´�ä [86]§Ú\�m~êéÛõ

�(:�ÑÑ?1²w [100]§|^õ«�m~ê±ÆSØÓºÝ��S(

� [100]§Ú\k�ùÈÅìéÛõ�(:ÑÑ?1²w [116]"ù
�{Ñ
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Fig. 3.23 A«RNN*Ð(�"(a)V�RNN¶(b)��RNN¶(c)��RNN�¹�m48ë�¶

(d)��RNN�¹ª�48ë�"

å��½�J§���1997cHochreiter�<JÑ��ä£Gate Network¤§â

ý��Ð/)û
RNN���ÆS¯K"

Hochreiter�<JÑ���ä¡�Long Short-Term Memory£LSTM¤§½

¡��á�PÁü��ä [70]§Ù(�Xã 3.24¤«"ÚIORNNØÓ�

´§LSTM�äòÛõ(:O�¤���E,�PÁü�£LSTM¤"ù
ü

���äkPÁõU§ÏdØ2I�wª�48ë�"

��LSTMü�(�Xã 3.25¤«"ù�(��)n��6Ñ\C
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�£Output Gate¤"ù
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Fig. 3.24 LSTM�ä"Ñ\(:^SÖ\�mS�§ÑÑ(:^S?1Sÿ"Ûõ��z

�(:���LSTMü�§Tü���äkPÁõU§ÏdØI����Sþ�48ë

�"

`§Ñ\�û½�c&E´Ä­��I��PÁ¶¢#���é�cPÁü

�SN��#¶ÑÑ���3�cÑ\�¹e´ÄATéPÁSN?1Ñ

Ñ"�t���Ñ\!¢#!ÑÑ�©O�it , ft ,ot§-ct�LT���PÁü

�SN§ht�L�äÑÑ§KTLSTMü��Ä�5��¤Xeúªµ

it = σ(W(i)xt +U(i)ht−1)

ft = σ(W( f )xt +U( f )ht−1)

ot = σ(W(o)xt +U(o)ht−1)

c̃t = tanh(W(c)xt +U(c)ht−1)

ct = ft ◦ ct−1 + it ◦ c̃t

ht = ot ◦ tanh(ct).

l�*þ§LSTMÏLÚ\�(�§�±��PÁ&E�ØÓ�¸£Ñ

\¤u)�ACz�Ä�5§l
�«©­�&EÚ�­�&E§?1kÀ
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(��¡�“ ²ã(Å”£Neural Turing Machine, NTM¤ [56]"

LSTM3O�þ�E,"�C§Cho�<JÑ
�48ü�£Gated Re-

current Unit, GRU¤ [26]�OLSTM(�"GRU^���#�Ú��­��5

��&E�PÁÚ�#§ÙO�úªXeµ
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zt = σ(W(z)xt +U(z)ht−1)

rt = σ(W(r)xt +U(r)ht−1)

ht = (1− zt)◦ht−1 + zt ◦ tanh(W(h)xt +U(h)(rt ◦ht−1)+b(h)).

Fig. 3.26 LSTMÚGRUé'"ã¡5g [26]"

ã 3.26�ÑLSTMÚGRU�(�é'"lã¥�±w�§LSTMÚGRUÌ

�kü:«Oµ�´LSTM3ÑÑ�d��ÑÑ���§
GRU��ÑÑ�

cPÁSN¶�´LSTM^��Ñ\���éPÁü���#SN§^��

¢#�5��{¤&E���§ùü��´Õá�§
GRU^���#�5

���ö�'~"1�:«OK��U����
§§¦�LSTM�PÁü

���´Ã.�§
GRU¥�PÁü�´k.�"·��CïÄuy§8

Ïuù�«O§GRU��u^�4z�L�5£ã&E [140]"Chung�<

éGRUÚLSTM�
�
é'ïÄ§uy3ùü«�(�3ÑWÚ�Ñ&Ò

ï�?Ö¥LyÑaq�5U [28]"Zaremba�<é�«RNN(�?1
�


¢yïÄ"ÏL|¢Ú�y�þ�U�RNN(�§¦�uy�,�±é

��
�ä(�3,
?Öþ�LLSTMÚGRU§�ù
�.¿ØU3¤k

?Öþ��5/�LLSTMÚGRU§`²LSTMÚGRU�´�~k���.

[156]"Karpathy�<^�ÀzóäéRNN�ÆS�ª�
&?"Äu��i

1?��ó�.ï�?Ö§¦�uyRNN�PÁü�¥(¢�±Æ�kd�

��Â&E [81]"

RNN/LSTMCc53S�ÆS�¡���X�­�?Ð§3�ó�.

[98, 134]!�Ñ£O [55, 126]!�ÑÜ¤ [41]!WÌÜ¤ [20]!�«uÿ [51]!
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(Æuÿ [43]!Åì�È [137]!��&Ò©Û [23]�?ÖþÑ��
Ø��

J"

3.4.3 SSS���éééSSS������äää

RNNJø
r��S�?èUå"�½��S�§RNN§AO´Äu�

«�(��RNN§�±ÏL48�ª^SÈ\z�ÚÑ\�&E§¿òù


&E��3PÁü�¥§l
òØ½�S�?è¤½��L��þ"ù��

þ�±L�Ñ\S��Ì�&E"ÄuT�þ§�±é�Sêâ?1©a!

àa�iÒÚ�iÒÆS [73]",��¡§RNN�Jø
r��)èUåµ

�½��Ð©G�§RNN�±gÄ$1§48)¤�ÅS�"ù�)¤�.

®²�¤õ^3Ã�Ni1)¤ [54]Ú©�)¤¥ [136]"ã 3.27�ÑRNN^

�?èÚ)è?Ö�(�"
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(a) Encoder (b) Decoder

Fig. 3.27 ÄuRNN�£a¤?èì£b¤)èì"

þã?èÚ)èL§�±(Üå5§^��RNNéÑ\S�?1?è§

^,��RNNÄu?è(J?1)è§ù�Ò�±ÆS��S��,�

�S��N�'X"ù��.¡�S�éS��ä£Sequence to Sequence

Network, S2S¤§dSutskever�<32014cJÑ [138]"S2S�ä�±@�´g

?èì£Auto Encoder§AE¤�*Ð"ØÓuDÚAE�´§AE¥�Ñ\Ú

ÑÑ´Ó���©A��þ§
S2S�.Ñ\ÚÑÑ´ü�S�§ùü�S

���´ØÓ�"��;.�S2S�äXã 3.28¤«"
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x1 x2 x3

y1 y2 y3
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Fig. 3.28 S�éS��ä(�"Ñ\S�ÏL��RNN?èìØ ¤���Û�þH§,

��RNN��)èì§±H�Ð©Ñ\§48)¤ÑÑS�"
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Fig. 3.29 Äu'5�S��S��ä"ã¡5g [6]"



lxii 3  ²�.

�)ûù�¯K§ïÄöJÑÄu'5�S�éS��.£Attention

S2S¤ [6, 130, 27]"3ù��.¥§z��)¤Ú½'5Ñ\S�¥�,�

Ü©&E§l
�±éÛÜ[!?1ÆS"Xã 3.29¤«§ÄkòÑ\S�

?è¤��PÁü�S�{hi}£��¦^V�RNN±Jp?è°Ý¤§3)

¤t���ÑÑyt�§�c����)¤G�zt−1é{hi}?1ÀJ§ÀJ�{
´O�z�hié�c)¤Ú½��z�­αti"äNO�úªXeµ

αti =
exp(eti)

∑
Tx
k=1 exp(etk)

,

eti = g(zt−1,hi),

Ù¥g�?¿��ålÿÝ�.£XCosineål½ ²�ä¤"ÄuAttention�

­αti§�O��c)¤¤'5�ÛÜÑ\&EctXeµ

ct = ∑
i

αtihi.

dd�)¤éyt�ýÿÚézt��#µ

yt = fy(zt−1,ct),

zt = fz(zt−1,ct),

Ù¥ fyÚ fz�)èRNN¥�A�ýÿ¼ê"

S�éS��.§AO´Ú\AttentionÅ��§4�Or
é�Sêâ

�ï�Uå"AO´�éØÓ+��S�?1ÆS§4�*Ð
 ²�.�

A^��"~X3Åì�È¥ [6]§Attention S2S�.�±ò�«ØÓ�óN

��Ó���Â�m§ÄuT�Â�m¢yõ�ó�È",��~f´ã�

n) [27]§òã�ÚéA�©�N��Ó���Â�m§�)¤éã¡�©

�£ã [147]"aq��{3�U¯�[130]!Àªn) [143]�+�Ñ��
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�!±�c)¤�~0�Attention S2S�.�r�ï�Uå [149, 158]"
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Fig. 3.30 ^u��)¤�Attention Sequence to Sequence�."ã¡5g [149]"
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[44] Földiák P, Young MP (1995) Sparse coding in the primate cortex. The hand-

book of brain theory and neural networks 1:1064–1068

[45] Friedman N, Murphy K, Russell S (1998) Learning the structure of dynam-

ic probabilistic networks. In: Proceedings of the Fourteenth conference on

Uncertainty in artificial intelligence, Morgan Kaufmann Publishers Inc., pp

139–147

[46] Fukushima K (1980) Neocognitron: A self-organizing neural network model

for a mechanism of pattern recognition unaffected by shift in position. Bio-

logical cybernetics 36(4):193–202

[47] Gers FA, Schmidhuber J, Cummins F (2000) Learning to forget: Continual

prediction with lstm. Neural computation 12(10):2451–2471

[48] Ghahramani Z (1998) Learning dynamic bayesian networks. In: Adaptive

processing of sequences and data structures, Springer, pp 168–197

[49] Glorot X, Bengio Y (2010) Understanding the difficulty of training deep feed-

forward neural networks. In: Aistats, vol 9, pp 249–256

[50] Glorot X, Bordes A, Bengio Y (2011) Deep sparse rectifier neural networks.

In: Proceedings of the 14th international conference on Artificial Intelligence

and Statistics (AISTATS), pp 315–323

[51] Gonzalez-Dominguez J, Lopez-Moreno I, Sak H, Gonzalez-Rodriguez J,

Moreno PJ (2014) Automatic language identification using Long Short-Term

Memory recurrent neural networks. In: Proc. Interspeech

[52] Goodfellow I, Bengio Y, Courville A (2016) Deep Learning. MIT Press,

http://www.deeplearningbook.org

[53] Grandvalet Y, Canu S (1995) Comments on” noise injection into inputs in

back propagation learning”. IEEE Transactions on Systems, Man, and Cy-

bernetics 25(4):678–681

[54] Graves A (2013) Generating sequences with recurrent neural networks. arXiv

preprint arXiv:13080850



References lxxxix

[55] Graves A, Mohamed Ar, Hinton G (2013) Speech recognition with deep re-

current neural networks. In: 2013 IEEE international conference on acoustics,

speech and signal processing, IEEE, pp 6645–6649

[56] Graves A, Wayne G, Danihelka I (2014) Neural turing machines. arXiv

preprint arXiv:14105401

[57] Graves A, Wayne G, Reynolds M, Harley T, Danihelka I, Grabska-Barwińska
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