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2 https://en.wikipedia.org/wiki/Symbolic artificial intelligence
3 https://en.wikipedia.org/wiki/Connectionism
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D

∑
i=0
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Ù¥{xi : i = 1,2, ...,D}�D�gCþ£q¡A��þ¤§y���ÑÑCþ§
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L«�±@�´��{ü�!Ø�)Ûõ�� ²�ä"XJÑÑCþ´õ
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y = σ(
d

∑
i=0
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1

1+ exp(−a)
.
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Fig. 1.2 �5£8�.�L«�Ø�¹Ûõ�� ²�ä"
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Fig. 1.3 õÑÑ�5£8�.�L«�Ø�¹Ûõ�� ²�ä"

XJòþãLogistic¼êO��Xe��¼êµ

g(a) =

−1,when a < 0

+1,when a≥ 0

 , (1.1)

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
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31Ù ??0�"
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¥�¹��¼ê§ÏdØU��|^FÝeü{?1`z"�«)û�{´

Ø�Ä��¼ê§=�Ä�5ýÿwT xÜ©§¦Ù�8ICþt¦�UÎÒ�
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L(w) =− ∑
n∈M

wtx(n)t(n),

Ù¥x(n)�1n�Ôö��§t(n) ∈ {−1,1}�T���©a§M��Øýÿ

£=y(n)�t(n)�ÎÒ��¤���8Ü"5¿þã8I¼ê�,´ØëY�§
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���S�±ØC§dd¦ÑL(w)3T?�FÝ"ÏL{üO����Xe

ëê�#úªµ

wt+1 = wt −α∇L(w) = wt +α ∑
n∈M

x(n)t(n),

Ù¥wtL«31tg�#���.ëê"5¿²Lþãëê�#�§M�U

¬u)Cz§ÏdL(w)�U¬u)��5Cz§Âñ5¿Ø�*"²Lï

Ä§<�uyþãS�L§éu?Û���5�©�êâ8Ñ�(�ÏLk

�ÚS��Âñ���éTêâ8�{�©�©aì"ù�(Ø¡�a�ì

Âñ½n£Perceptron Convergence Theorem¤ [103, 19]"
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�²;~f´XeÉ½$�¯K:
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1 (x1 = 0&x2 = 0)||(x1 = 1&x2 = 1)

0 (x1 = 0&x2 = 1)||(x1 = 1&x2 = 0)
(1.2)

Ù¥xi ∈ {0,1}�Ñ\Cþ§y ∈ {0,1}�LaOI\"Xã 1.4¤«§ÃØN

��O§ÑÃ{é��^��òçÚ�:ÚxÚ�:Ua©m"�é{`§
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1
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Fig. 1.4 É½$�L«ã"x1Úx2´ü�Ñ\Cþ§y = x1 xor x2"
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=Logistic£8½Softmax£8"ù��{éuÏD(����5Ø�©¯K

äkûÐ�J§��êâ��äkér���5�§�)��a�ì3S�

�«�5�.ÑéJ·^"
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��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 ??Ù?Ø"5
¿§31 ??Ù0��5�.�§·�Ó�J�éx?1��5C�§�TC

�´�½�§ØI�ÆS§Ïd�.�,´�5�"�Ù¤?Ø���5C

�I�éC�¼ê?1ÆS§Ï�.´��5�"

1.2.2 õõõ���aaa���ììì
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1.2.2.1 �.(�
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MLPò�5�.����ä*Ð�õ�§z��ÑÑ²L����5C��

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

Network¤"ã 1.5�Ñ���¹��Ûõ��MLP(�"T�.�O�L§

�/ªzXeµ



xvi 1  ²�.

x1 x2 x3 xD-1 xD

...

y1 y2 y3

...

Fig. 1.5 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), (1.3)

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��:
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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]"
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MLP�ÔöÚ�5�.Ôö�Ä��K´�q�µ½ÂÐ��8I¼
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�5�.ØÓ�´§õ�(�Ú��5-u¼ê¦�MLP�8I¼êC��

~E,§��ØU��)Û)§ÏdÏ~æ^ê�){"FÝeü£Gradient

Descend¤´�~^�ê�`z�{§Ùëê�#Xeµ

wt+1 = wt −η(t)∇L(wt),

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

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

Gradient Descend £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�5z�{éëê?1^S

¦�§;�
EO�"·�^��Øî��~f5`²BP�{��n"�

��K�MLP§z���k��ëê§ù�(��L�N�¼êXeµ



xviii 1  ²�.

fMLP = f 1
w1
� f 2

w2
...� f KwK ,

Ù¥�L«¼êi@§f k��ê1k��L�N�¼ê"8I¼êL(w1,w2, ...,wK)é

1këê��ê��¤Xe/ªµ

∂L
∂wk

=
∂E
∂ 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−1

∂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(§lü$ 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!©Ùéék��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�§ÏÆS�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]"

1.2.3 »»»���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]"

1.2.3.1 RBF�ä�Ôö�{

���¹M�RBF��äXã1.6¤«§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). (1.4)

x1 x2 x3 xD-1 xD

...

y1 y2 y3

...

Fig. 1.6 �¹M�RBF�»�Ä¼ê�ä"

RBF¥�φ j/ª�±´õ��§�~^´Xepd/ª:

φ j(x) = exp

(
−
‖x−µ j‖2

2σ2
j

)
, (1.5)

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 1.5¤«�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£:¤§lü$�.�zUå"

1.2.3.2 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)‖). (1.6)

�x�Ôö8¥�?Û����(x(n), t(n))Ñ÷v§Ïd������¹N��

ª��§|"5¿T�§|�ëê{wn}��kN�§Ïd�ÙXêÝ
÷�

������(½)"éuØ3Ôö8þ�:§ª 1.6Jø
�«ýÿ�{§

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

ª 1.6¤«����{�ª 1.4¤«�RBF�ä�~�q§��ØÓ�´

��úª 1.6¥�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 1.7¤«§

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 1.8¤«.

(a) (b)

Fig. 1.7 Äu��d�{�©a?Ö" (a)3A��m�êâ©ÙÚ©a¡¶£b¤z�aé

A�VÇ�Ý©Ù"

1.2.3.3 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. 1.8 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?��

Ñ\x§Ù&E�ÏL�êÚ§�C�v j¤éA�Ûõ(:��D4§éA

�§FÝ£D�=�ù
Ûõ(:�'§ÏdRBF�ëê��5�f"Äu

d§RBFI��õÛõ(:§��zUå�f§évk�RBFk�CX�ê

â�mÏ~ýÿ5U��"

lÔö�Ýw§RBF�ä�^ÃiÒÆS5ÔöRBF¼ê§4�ü$


ÔöJÝ"=B´iÒÆS§Ï�RBF�ÛÜA5§ëê����§ëê�

#��p�K�£co-adaptation¤��§Ôöå5�'ëêpÝ���MLP�

N´"

1.2.4    ²²²���äää���...���kkk������£££

IOMLP�.´�«�ë�(�§äkr��ÆSUå§�ù��."

�k��£§´�«Xêâ°Ä�{"ù���äÔöÏ~I��þêâ§

�N´�)LÔö½jÔö"3éõ¢SA^¯K¥§·�é¯K��´k
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�½@£�§~Xêâ���ê�A5Ú©ÙA5!Ú¯K�'�wÍA

�!¯K�E,§Ý!�U�)û�{�"ù
�£k
�±^3MLP�A

�ÀJ!8I¼ê�½!�ä�ëêÀJ£X�ê§z�(:ê¤��¡§

�éõ�ÿ¿vkk�|^"XJ·�Uòù
k��£ÜnA^3 ²�

ä�.�OÚÔöL§¥§k�U4�ü$�.E,Ý§JpÔö�Ç"·

�0�A«òk��£^u ²�äï���{"

1.2.4.1 (�z�.�òÈ ²�ä

éõêâäk(�zA5§ù
A5�^5�O�k�é5��ä"A

¥;.�(�zA5�)µ

• �m(�µ~X3ã�êâ¥§�C ����  äk�'5§ØÓ 
��ÛÜ�ªäké�E5"

• �S(�µ�
S�êâ§X�Ñ&ÒÚ©�G§  �¹ér��S(
�§�S�Cêâ�'5ér§�Ó�ª�UÑy3��S��ØÓ 

�"

• ª�(�µ3�Ñ½ã�êâ¥§�Cªãäk�r��'5§�Ó�ª
�k�U3ØÓªãþEÑy"

þãêâþ�(�zA5�^5�Ok�é5�(�z ²�ä§Ù

¥òÈ ²�ä£Convolutional Neural Network, CNN¤äkér��L5"

CNN´|^þã(�zA5�OÛÜ�!����äf(�§¦�z�f(

�^uÆS,«ÛÜ�ª§�ØÓ�m!�S!ª� ��f(����ä

ëê"ã 1.9�Ñ��{ü�CNN�ä§Ù¥�)��òÈ�Ú��üæ�

�"òÈ�|^��ÛÜ�äò,� ��Ñ\N��A��m�,�(

:§�ØÓ ��ÛÜ�ä��ëê"ù��u|^��dTÛÜ�ä|¤

�òÈØéÑ\²¡?1òÈö�§)¤��A�²¡£Feature Map¤"ü

æ��|^��{ü�òÈØ£X²þ½����¤éA�²¡?1ü�"

òÈØ��^aqu��ÈÅì£Filter¤§�±^5ÆSÑ\&Ò¥�E

�ª"�JpL�5§��CNN¬ÏLõ�òÈØ)¤õ�A�²¡§z�

A�²¡�ÆSÑ\êâ�,��¡A5"duz�òÈØéA�ÛÜ�ä

ëê��u�ë��ä§CNN��.�E,Ý��'�ë��ä$éõ"ü

æ��Ø=�±éA�²¡ü�§��±�ØÏÑ\êâ���C/Úå�

A�ËÄ§Jp�.��zUå"
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Fig. 1.9 CNN�ä¥�òÈÚüæ�"òÈ�^õ�òÈØJ�A�§üæ��^5Ö�

ÏÑ\&Ò���C/�)�A�ËÄ"5¿òÈØ3ØÓ �£ùÚÚ7Ú¤?1òÈ

ö��ëêØC"

ã1.10�Ñ��^uÃ�êi£O?Ö�CNN(�"T(��)ü�ò

È§z�òÈ����üæ��§��ÏL���ë��¢yéÑ\ã¡�

©a"òÈ ²�ä�g´5u1984cF�ÆöFukushimaJÑ� ²@

�Å£Neocognitron¤ [46]" ²@�Åò��Àú�ª©)¤Nõf�ª

£A�¤§,�?\©��ë�A�²¡?1?n"T�{ÁãòÀúXÚ�

.z§¦ÙU
3ÔNk £½��C/��UO(£O"LeCun�²(J

ÑCNN(�§¿JÑk��Ôö�{ [88]"Ù�§CNN�2�^u�«�ª

£OÚÅìÆS?Ö¥"

o(å5§òÈ ²�ääke�5�µ£1¤¦^òÈØ�±ÆSE

5ÛÜ�ª§Ï�å�A�J��^¶£2¤üæ�Oré�m!�m!ª

�þ��/C�°�5¶£3¤ëêþ�§ÔöN´¶£4¤�±Äuk��£

£X�ª���¤�OòÈØ§Ïk|uò�£(Ü��ä(�¥§;�

_8ÆS"

1.2.4.2 ·Ü�Ý�ä

òk��£� ²�ä�(Ü�,�«�ª´Äuéêâ©Ù�k��

£ïá·��VÇ�.§^ ²�ä5ýÿ�.�ëê"ù«�ª�±òV
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Fig. 1.10 ^uÃ�êi£O�òÈ ²�ä"T(��)ü�òÈ�§z�òÈ����
�üæ��"ù
òÈÚüæ�ö�^uJ�ã�A�"��ÏL���ë��éÑ\?

1©a"ã¡�u [111]"

Ç�.�£ãUåÚ ²�är��ÆSUå(Ü§dVÇ�.L�'uê

â©Ù�k��£§d ²�äOrëê�OUå"·Ü�Ý�ä=´ù�

�«·Ü�. [18]"±pd·Ü�Ý�ä�~§b�êâ�^�VÇÎÜX

epd·Ü�.£GMM¤µ

p(t|x) =
K

∑
k=1

πk(x)N
(
t|µk(x),σ2

k (x)
)
,

Ù¥πk!µk!σ2
k©O�L1k�pd¤°��!þ�Ú��§¦�Ñ´Ñ

\x�ëê§ÏL ²�äýÿ��"K�pd¤°��ê"Äuù��.§

=�éxÚt�m�E,VÇ'Xï�"5¿§DÚÄu²�Ø��MLP¯¢

þ´þã·Ü�Ý�ä�.�K = 1��A~"

1.2.4.3 ��d�{

��d�{´òk��£Ú\ ²�ä�,�«k�å»"3�5�.

�Ù¥§·�����d�{ÏLé�.ëê�½k�VÇ5�å�.�Æ

S8I§lUC�.�A5"Ï�ù�k�VÇõÄuäN?Ö�êâ!

8I!ýÏ)û�{�k��£(½§ù��uòk��£8¤� ²�ä

ï�¥"��;.�~f´DÕk��£�Ú\")nÆïÄL²§<a 

²XÚ´DÕ�!(�z�§�kAO7��§ ²�m�ë�â¬ïá

[8, 44, 105]"ù�k��£�±ÏL3�ä�þÚ\��.Ê.d©Ù�

�k�VÇ5¢yµ
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p(w) =
1

2b
exp(−|w|1

b
), (1.7)

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(1.7)§

kµ

L̃(w) = L(w)− |w|1
b

.

dd��§Ú\.Ê.dk��MLP��u3ÔöOKþ\\
��l1�K

�§ù��K�Ø
�y�.ÀJ���ëê	§Ó��y"�wÍ'é�

 ²��m�ë���" [141]"Ïd§\\.Ê.dk��y)¤DÕ

�.§ù�´·�F"Ú\�.¥�(���"í2�§��d�{Ï

Lé�.�Ú\ØÓk�VÇ§�±3�.Ôö¥Ú\éA�k��£§

~� ²�ä3ï�ÚÔö¥�_85"

1.3 ÄuPÁ� ²�.

þ�!·�?Ø
ÄuN�� ²�ä�.§T�.ÆS��x�t�N

�y = f (x)§¦�y�8ICþt�Ø���"ù��.Ì�^uýÿ?Ö"3

¢S)¹¥§�k,�a¯K§3ù
¯K¥=kêâxvk²(�êâ

IPt§·�F"�O���.�±£ãx�©Ù§½ö���Lx�Ä�A

�"éùa?Ö§ÄuN�� ²�ä¿Ø·Ü"ïÄöJÑ�«ÄuPÁ
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� ²�ä5?nù�¯K"��äÔö�¤�§éu��ÿÁ��§�±

Äu�ä¥�PÁ&E��T���VÇ§æ�Ñ��Cq�Ôö��§½

��T�����Ûõ(�"ù�PÁ�.k�¿Â"��¡§é��¹

kD(�ÿÁ��§ÏLJ�Cq��§�±å��D�J¶,��¡§X

JÔö��v
õ§ù��ä�±ÆS��¥kd���ª§?J�k�

A�"ù�5��~�§´e�Ù�?Ø��ÝÆS�{�Ä:"

�!ò0�A«;.� ²PÁ�.§�)µKohonen�ä!Hopfield

�ä§À�[ùÅ£Boltzmann Machine¤§gÄ?èì£Auto-Encoder, AE¤

�"

1.3.1 Kohonen���äää

Kohonen�äq¡g|�N�£Self Organization Map, SOM¤§dKohonen31982c

JÑ [84]"Kohonen�ä�Ä�g�´òp�êâN����$��m§¦

�3p��m¥�©Ù(�3$��m�±�±"��Kohonen�ä�¹e

Z ²�(:§ù
(:���u��5��²¡þ§Xã 1.11¤«"z

�(:siéA��D��þvi§Ù¥D�êâ�m��Ý"3ÔöL§¥§é

��Ñ\�þxn§�±O�T�þ�¤k ²�(:m�ål{d(vi,x(n))}§
ÄuTål�����C�(:s j§¡��Z��(:£Best Matching Unit,

BMU¤"é�BMU��§éBMUéA��þv j?1�#§¦��xn �\�

C"�«{ü��#�{Xeµ

vt+1
j = vt

j +η(t)x(n) s j = BMU(x(n)),

Ù¥η(t)´t���ÆSÇ§TÆSÇ���tO\P~"þã�#é¤

k{xn}Ì�S�?1§=�¦Kohonen�ä� ²�(:Âñ��©êâ�

©Ù(�"ù�L§Xã 1.12¤«§Ù¥7ÚL«êâ©Ù§��¥�(

: �dT(:éA��þû½"é��#�êâ:£ã 1.12¥�xÚ:¤§

ÏéBMU£��¤«¤§òÙ Têâ:���#§XdÌ� E§���

ä(:�éA�þ=�¿©�LÔöêâ"

XJ·�c[�	�eþãÔö�{§uy§¯¢þ´��3�K-

mean�{"ù��{��y�ä¥�(:¿©L�Ôöêâ�©Ù§�¿Ø

U�y3p�²¡þ�C�:3$�²¡þ�-u(:£=BMU¤´�C

�"ù´Ï�·�3�# ²��þ��ÿ¿vk�Ä�� ²�3$��



xxxii 1  ²�.

m¥���5"ùw,ØU÷v·�3$��m£ãêâ©Ù��¦£�±

ë�3K-mean�{¥§��¥%¥þ´p�Õá�§vk²(�C�'X¤"

�)ûù�¯K§·��±¦$��m¥��� ²��Ó�êâ-u§X

ã 1.11¤«§Ø
BMU£�Ú(:¤�-u	§±�(:£ùÚ!bÚ�¤

�Ó��-u§�ØL�-u�?O�$�
"5¿§�� ²�(:�m

���'X´d¯k½Â�ÿÀ(�û½�§�dÙéA��þO�"3

¢SÔöL§¥§éz��Ôöêâx(n)§ ²�(:éA��þ�#úª

Xeµ

vt+1
k = vt

k +α(t)θ(k, j)x(n); s j = BMU(x(n)), sk ∈ N(s j),

Ù¥N(s j)L«s j���(:8Ü§θ(k, j)��� ²�(:m��'5rÝ"

ÏLù«��-u§ÿÀ(�¤½Â�C�'X�Ú\��.¥§=�¢y

ép��m¥��'X�ÓPÚ¥y"5¿ã 1.12Úã 1.13�Ôö�L§®

²Ú\
ù«��'X§Ï3Ôö�Ø=BMU��þ��#§���(

:éA��þ�Ó���#§Ï�)�ä�Ó/C��J"Ú\��'X

´Kohonen�ä«OuK-mean�Ì�A:"

Fig. 1.11 Kohonen�ä(�" ²�(:�þ!©Ù3��²¡þ§z� ²�siéA�

��þvi"z�Ñ\x(n)�x(n)Úvi�m�ål-u���Z��(:£BMU¤s j£��¤§

Ó�-us j���(:£ù�Úb�¤"ã¡5uAdrian Horzyk���5"

Kohonen�ä´�«ÛÜN�"p��m¥�,�êâ:��Ú§�

�q��ä(:k'§��õê(:Ã'"ù«ÛÜ5ÚRBFk
aq§

�3RBF�ä¥§¤kRBF(:Ñ¬ë�O�§�,ý�õê(:¿vk

���z§Kohonen�äK�ÏLÿÀ(�½Â ²����'X"ù

«ÛÜN�á5`²TN�U,´�«��5N�§�£ãE,�©Ù
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Fig. 1.12 Kohonen�äÔöL§"�½��Ôöêâ§Xã¥x:¤«§ÔöL§òéA

�BMU9Ù��(: TÔöêâ��.Ä"ù�L§é¤kêâÌ�S�?1§��

�ä(:¥��þ�¿©�LÔöêâ"ã¡5uWikipedia7"

Fig. 1.13 Kohonen�äÔöL§«~"�XS�gêO\§�ä(:�5��Lêâ©

Ù"ã¡5uBernd Fritzke��w9"

�¹"ù�:ÚPCAwÍØÓ§�ö´�Û�5N�§�épd©Ùêâ

k�"ã 1.14�Ñ3��;.�pdêâþKohonen�äÚPCA�é'§w

,Kohonen�ä3ù«êâþ�£ãUå�r"

Fig. 1.14 Kohonen�ä�PCA3�pdêâþ�é'"ùÚ�^�L��Kohonen�ä§

z�(:� �dÙéA��þû½"PCA�N��m3ã¥L«��^7�"w,§

Kohonen�ä�UL«êâ�¢S©Ù�¹"ã¡5uWikipedia11
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Kohonen�ä´�«�~{ü�PÁ�ä§T�äÏL�
PÁ(:

£d�ä(:éA��þL«¤éÔöêâ?1PÁÚL�§3�ªJ��

òêâN����q�(:"Ï��ä(:Ï~¬PÁ�k�L5�êâ§

Kohonen�ä�uyêâ©Ù�Ä:�ª§¿�^u{üA�J�"

1.3.2 Hopfiled���äää

s1 s2

s3 s4

Fig. 1.15 Hopfiled�ä§z�(:´���§éA�� ²�§ÏLÑ\ë��ÂÑ\§

ÏLÑÑë��	ÑÑ"(:�mÏLk�>ë�3�å"

Kohonen�ä�L�Uå�¥þþz£Vector Quantitization, VQ¤a§Ø

Ó(:kgC��þ§(:m"�ëê��§vk/¤(�z�ÓL«§Ï

dPÁUåé$"

Hopfield�<31982cÉ<aPÁ�ª�éuJÑ�«�k��PÁ

�ä [71]§Xã1.15¤«"T�ä�¹eZ��� ²�(:£�+1½−1¤

{si}§z�é(:(si,s j)mÏLk�>wi j�ë"·�ò¤k(:|¤���

þ§T�þ�,«���ª¡���“�ª”"Hopfield�ä�8�´ÏLù

�pé(�P4ÔöL§¥����ª§�Ôö�¤�§�±ÏL“£Á”J

�cÏP4��ª"

1.3.2.1 �.ÆS

Hopfield�ä�ÆSL§=´éÔöêâ¤�L��ª?1PÁ�L

§"�«~��ÆS�{æ^HebbianOK [63]§TOK�{üLã�“Ó
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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, (1.8)

Ïd§HebbianOK��±n)�¦Ôöêâ�Uþ��"

ã 1.16�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


UþÛÜ�$:¡�“Attractor”"5¿¿Ø´¤kUþÛÜ�$:ÑéA

��Ôö�ª"éuE,�ä§,
UþÛÜ�$:¿�¢SI�PÁ��

ª§´�
é8I¼ê?1`z<�Ú\�“��ª” [64]",�Ì¡§

XJÔö�ª�Ñ
�äPÁUå��§k
�ªØUéÐPÁ§k�UØ

éAUþ�$:"
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x x (n)

Energy

State

attractor

Fig. 1.16 Hopfield�ä�Uþ¼ê«¿ã"3�äPÁUå��S§Ôö���PÁ¤U

þ¼ê�ÛÜ�$:§¡�“Attractor”"Ôö�¤�§Uþ¼ê�½§ù�Ñ\��#�

�x§ÏLS��#§�ä(:��¬Âñ��TÑ\�C�Attractor§¢yéPÁ�ª�

J�"ã¥xÂñ�x(n)éA�Attractor"

1.3.2.2 �ªJ�

3�ªJ��§�½�.��§�½���D(�����ã 1.15�

Ð©�ª§²LS�$1§������TÑ\����q�PÁ�ª"ù

�L§Xã 1.16¤«µÐ©�ª���x§ÏLS�Ïé�C�UþÛÜ�

$:§�ª���PÁ��ª"�¢yù�S�|¢§Äkò�ä(:Ð©

z�x§=si = xi"�úª 1.8§�¦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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Äuþãü� ²(:��#�ª§�é���ä?1�#"�#�æ

^ü«�ªµ3ÓÚ�#¥§é¤k(:Ú��#¶3ÉÚ�#¥§l,�

(:m©�#§¿|^�#��(:���#Ù§(:"Hopfieldy²ù�

��5Ä�XÚ´½�§Ïdù��#L§o¬Âñ���ÛÜ�$U

þ:£Attractor¤"ù��$Uþ:Ï~´�.²LÆS�����PÁ�ª

£��U´����ª¤"

1.3.2.3 Hopfield�ä�PÁõU

Hopfield�ä���wÍA:´3�ªJ�L§¥§l��Ð©�ªÑ

u§Ïé�Ù��C�PÁ�ª§Ïd�¡�é�PÁ£Associative Memory

[107, 71]¤"ù��{~^uÄuSN�Ï�£Content-based Addressing¤"d

uJ�L§¬Âñ���PÁ�ª§Hopfiledäk|DUå"~X§·�Ï

LÆS§�±4Hopfield�äP4��êi�ã¡§3J��Ñ\,�êi

��Dã¡§Hopfield�ä¬gÄÄ��Úù�êi��C�PÁ�.§ù

¯¢þJø
�«k���DÚ�5z�{"

Hopfield�ä�PÁUå´k��§��ä(:êÚ(:m�ë�ê�

��'"Hertz�<y²§é��k1000�(:�Hopfield�ä§Uk�PÁ

��ª���138�§=�ª/(:'��0.138 [64]"Liou�<y²§ù�'

~�U¬Jp�0.14±þ [91]"w,§ù��ª/(:'�´�~$�§`

²Hopfiled�ä�PÁ�Ç$e"

1.3.3 ÀÀÀ���[[[ùùùÅÅÅ

Hopfield�äkü�A:µ�´Ù¤k ²�(:Ñ´���§�´

(:���´(½�"ùü:��
T�ä�L�Uå"À�[ùÅ

£Boltzmann Machine¤Ú\Ûõ(:Ú(:����Å55)ûù�¯K"

ù��.dHintonÚSejnowski31985cJÑ [1]"��;.�À�[ùÅX

ã1.17¤«§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. 1.17 À�[ùÅ(Boltzmann Machine¤(�ã"�Ú(:vi���(:§xÚ(:hi�

Ûõ(:"��(:ÚÛõ(:Ñ´�ÅCþ"

1.3.3.1 $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�.§

Ïù�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. (1.9)

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

p(s) ∝ e−
E(s)

T , (1.10)

Ù¥§T��~ê"·��	,�(:si£�U´Ûõ(:½��(:¤§Ù

UþCÄ�µ

∆Ei = E(si = 0)−E(si = 1) = ∑
j

wi js j +θi. (1.11)

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

. (1.12)

þªL²3$1��À�[ùÅ�§AÄuª 1.12ési?1Ä�§Ù¥∆Ei�

1.11O�"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"

ÚHopfiled�ä�'§À�[ùÅ´���Å�ä§ØU�Hopfiled�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'"

1.3.3.2 Ôö�{

À�[ùÅ�ëê�)z� ²�� �þ{θi}Ú ²�m�ë��
{wi j}§(½
ù
ëê=(½
À�[ùÅ¤�L�VÇ©Ù§=ª
1.10Úª 1.9"3¢Sö��§·�F"��À�[ùÅU¦�U�LÔö

���¢S©Ù5Æ"5¿�Ôö��éA�.���(:§�Bu«©§

·�PÔöêâ�v§ÙS©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)

. (1.13)
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éþª?1��z§=���¤éÀ�[ùÅ�Ôö"¢S¢y�§�æ^

FÝeü{éþãKLÑÝ?1`z§=µ

wi j = wi j−α
∂L

∂wi j
, (1.14)

θi = θi−α
∂L
∂θi

, (1.15)

Ù¥α�ÆSÇ"ÏL{üO���XeFÝúª [1]µ

∂L
∂wi j

=−(p+i j − p−i j), (1.16)

∂L
∂θi

=−(p+i − p−i ), (1.17)

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 1.16Úúª 1.17�L�ÔöL§�~{ü§é,�

ëê�#��I�Ä�Tëê�'� ²�(:�-uVÇ§�	Äu

�.O���ù�VÇ´ÄNÜ¢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 1.16�K�§Ïd�ª 1.14éwi 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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1.3.4 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 1.18¤«§Ù¥�Ú(:

L«��(:§xÚ(:L«Ûõ(:§ùü|(:mkÃ�>ë�"

h1 h2

v1 v2

Fig. 1.18 ��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��^u�iÒÆS§X©a?Ö [87]"

1.3.4.1 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), (1.18)

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), (1.19)

P(h|v) = ∏
j

P(h j|v). (1.20)

ÏL{üO���µ

P(vi = 1|h) = σ(ai +∑
j

wi jh j), (1.21)

P(h j = 1|v) = σ(b j +∑
i

wi jvi). (1.22)

��§RBM¥�^�Õáb�4�{z
�.$1§¦�3Ùdæ�

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

G�§Äu�c*	Cþv§�úª 1.20Úúª 1.22æ�Ñh¶Äuæ���

�h§�úª 1.19Úúª 1.21æ�Ñv"XdÌ�æ�§=�Âñ��©

Ù"

1.3.4.2 RBM�Ôö

3ÔöL§¥§·�F"�.3Ôöêâþ�VÇ�p§½Uþ�$"

dª 1.18��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�'§Ïkµ

E(wi j) =−vih jwi j + const.

�\8I¼êµ

L(wi j) =
1
N ∑

n
{ln[∑

h
e−v(n)i h jwi j+const ]− ln[Z]}.

O�8I¼êéwi jFÝ�µ

∂L(wi j)

∂wi j
=

1
N ∑

n

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

∑h e−vih 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 . (1.23)

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 1.16§Ò¬uyþãRBM�

Ôöúª 1.23Úª 1.16�©�q§Ñ´“ÛÜÔö”§=é,�ëêwi j��

#=�Ä�Të��'�ü�(:"ù�A:w,´ÚÀ�[ùÅ�Uþ¼

ê/ª�'�"

1.3.4.3 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 1.20æ�ÑÛCþh¶

4 Äuh§|^úª 1.19��v����v̂¶

5 Äuv̂§E|^úª 1.20æ�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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1.3.4.4 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"

1.3.5 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 1.19¤«"

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

è¤h§)èìgθ (h)ÄuTA�)¤x��x̂"

1.3.5.1 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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1.3.5.2 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
ê

âUþ|¥�FÝ§FÝ���/�§�Ø���"ã 1.20�ÑDAEÆ

S��Uþ| [2]"Äuþãuy§BeingioéDAEJÑ
�«VÇ)º§@

�DAE�±À���)¤�.§|^DAE?1�ES�£=òDAE�ÑÑ(

J#\\D(��e�gÑ\¤§�±)¤éêâ©Ù�æ� [15]"

Fig. 1.20 DAE�±ÆSêâUþ| [2]"�ã´�µã§mã´��ã"ã¥¡L«¢

Sêâ©Ù �§z� �x?��ÞL«r(x)− x§Ù¥r(x) = g( f (x))"�±w�3¢S

êâ©Ù �§Uþ|�FÝ�"§��ÛÜ4��"5¿mã¥m �§UþFÝ��

"§�ù
 �¿�êâ©Ù �§Ïd´UþÛÜ4��:�ÛÜ4��:"
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1.4 ÄuL§��.

þ©·�J��N��.ÚPÁ�.�±@�´�«“·��.”§==

£ãêâ�©ÙA5"3¢SA^¥§·��~��,�«¯K§3ù
¯

K¥§���Ñyäkér�S�5§�S�¥���m�3ér��S�

'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§�."

)ûS�¯K�Ä�g´´¦�.���k�S5§¦��±£ã

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§

ØU£ãý¢êâ�¢SÄ�A5¶E,�Ä��.ØØÔöÚínÑ�(

J"�,ïÄöJÑ
�
Cq�{±JpÔöÚín�Ç£XC©½æ�

�{¤§�ù
Cq�{k�U�5�� �"

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��
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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).
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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. 1.26 LSTMÚGRUé'"ã¡5g [26]"
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αti =
exp(eti)

∑
Tx
k=1 exp(etk)
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eti = g(zt−1,hi),
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i

αtihi.
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