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æ^ê�){"�Ï^�´�ÅFÝeü{£Stochastic Gradient Descend¤"
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SGDÚFÝeü{£GD¤aq§Ñ´¦8I¼êéëê�FÝ§¿�FÝ�

�éëê?1S�N�"ØÓ�´§SGD3Ôö�z�ÚS�Ñ¬�ÅÀJ

�Ü©êâ§ÄuTêâ8?1ëêN�"ù��ÅÀJ�êâ8Ï~¡�

��mini-batch"|^mini-batch§SGD�Ü©�ØÏëêÐ©z�5� �§

�Ï�z�mini-batchÑéëê?1�#§Ôö�Ý�¯"I�J2�´§

ØØGD�´SGD§Ñ�U��ÛÜ�`"ù�ÔöL§Xã 1.8¤«§Ù

¥wAÚwB´ü�ÛÜ�`:§�äëêÐ©z3wC?§²LeZgSGDS

�L§§ÅìÂñ�wB"

Fig. 1.8 FÝeüã

Ï�MLPäk�g(�§�|^ �ê�óª{Kéëê?1^S�

#"=ké����ëê¦FÝ§Ï������I�Äg���(:�

Ø�§ù���ëêØ�6c¡A�§ÏdFÝO���{ü"Äu��

���FÝ§�ê1��FÝ��N´¦Ñ"�gaí§��¦�1��

ëê�FÝ"ù�FÝd��c�gO���{�n)�ýÿØ����

D4§Ï¡���D4�{(Back-propagation, BP¤"ã 1.9�Ñ
��ü

�MLP�BPL§"ã¥§δk´3ÑÑ��1k�(:���ýÿØ�§Äu

TØ�éwk, j¦FÝ¿éÙ?1�#§Ó�D��¥mÛõ��1 j�(:"

¤kÑÑ(:�Ø�D��1 j�(:�§TØ��oÚ�UY�Ñ\��

z�(:D4§¿�#éA�ë��w ji"
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Fig. 1.9 BP�{«¿ã"

ÔöE|

BP�{3�nþ´�ß�§�¢SA^¥¿ØN´"Ï��êO\±

�§É���5¼ê�i@K�§Ø��cD4C��5�(J§½öÅì

��§½öu)�¿",��¡§��.ëêO\�§L[Ü¯K�5�î

§��3ÿÁ8þ5Ueü"��§Ï�Ã{���Û�`§�.�þ�

U¬r��6ëêÐ©z"·�o(
�
± 3 ²�.ÔöL§¥�²

�§F"U
�Ïl�<
�N´/ÔöMLP�."5¿§ù
²�3Ôö

Ù§ ²�.��´·^�"

• Ñ\A��8�z9�AC�(Feature normalization and transfer)" Lu
©Ñ�Ñ\Cþ��òO\ÔöJÝ"AO´du�õê��5¼ê¬

ò-u���30NC§L�½L��Ñ\¬?\��5¼ê�Ú«§�

�FÝD��Çeü"¤±§òÑ\A�?18�z´Jp ²�äÔ

ö¤õAÇ���{"�ÀJ�8�z�{�)��-���8�£ò

��mini-batchp���8��0�1½-1�1�m¤!þ�-��8�£é�

�mini-batchp���~þ�ØIO�¤!pdz£ò��mini-batchp��

�8�z¤pd©Ù¤"�CJÑ�Batch Norm�{Ø=éÑ\�?1


8�z§éÛõ��?1
aq3mini-batchSÜ�8�z"T�{�k

�Jp�.�5U"Ø
�5z	§�
C��{�é ²�ä�Ôök

�¿Â§AO´�«ü��{§XPCA!LDA�"ù
ü��{�ýk
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�Ø�
�?ÖÃ'�DÑ§lü$ ²�ä�ÔöJÝ£ÄKDÑò

Úåëê�#L§���ÅÄ¤"

• ÀJÜ·�-u¼ê(Appropriate activation function)" éuØÓ�?Ö§
AÀ�ØÓ�-¹¼ê"�À�-u¼êkSigmoid§Tanh§Relu�"¢

�L²§,
-u¼ê£XSigmoid¤N´�\�Ú«§��Ôö(J;k


-u¼ê£XRelu¤äkÃ.5§N´��ÔöuÑ"ØÓ?Ö!ØÓ

�êâ©Ù�¹§7L�@ýÀJ-u¼ê"

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

Ð©z�{"X3éõg,�ó?n?Ö¥§¦^IO��©ÙÐ©z

�  �Ø��`)§Ï~ïÆ��Ð©z�{�¦^þ!©Ù3µ[
− 6√

a+b
,+ 6√

a+b

]
§Ù¥a����(:ê§b�e���!:ê"

• ¦^Äþ£Using momentum¤" Äþ´�3�#�cëê�§Ø=�

Ä�cFÝ§��Äþ��mini-batch�FÝ"/ªzXeµwt = wt−1−
α(β∇t−1(w)+ (1−β )∇t(w))§Ù¥β´Äþëê§∇t(w)�3t��8I¼

ê�FÝ"Äþ�{3�½§ÝþOr
Ôö�½5§Ó��\¯
Æ

S�Ý"

• ���ê�&E(Second order information)" SGD�{´���{§�

�Ä8I¼ê�FÝ§Ø�Ä8I¼ê�Ç§ÏdØØé=�ë

ê§ÙÆSÇÑ´���"¯¢þ§Úî-.6Ü�{£Newton-Raphson

method¤�ÆS�Ç�p"T�{�/ª�µwt = wt−1−H−1(w)∇t−1(w)§

Ù¥H(w)�8I¼ê�HessianÝ
"dþª��§Äu��&E�é�

�ëêgÄ��ÆSÇ"��*å�§·���ÄHessianÝ
þ�é�

�§=÷,�ëê�����FÝ"�±w�§é@
Ç���ëê�

�§¿�XT���8I¼ê��Cz��§I�éëêc[N!§ù

�HessianÝ
3T��þ�����§ëê�ÆSÇg,N$§¦ÆS

Ø�uLÝ-?¶é@
Ç���ëê��§¿�XT��þ8I¼

ê��CzØ�§��%ÆS§ù�HessianÝ
����§ëê�ÆSÇ

g,O\§\¯ÆSÚx"�,���{�`:²w§�O�HessianÝ


3éõ�ÿ´Øy¢�§ÏdÃ{��æ^"��æ^��&E5Cq

����{§XHessian Free [72]§AdaGrad [28],AdaDelta [118], Adam [27],

Natural SGD [92, 3, 81, 83]�"c¡¤ã�Äþ�{¯¢þ�´�«�þ

?���Cq�{"

• k|�ÆS½�§ÆS£Curriculum learning¤ïÄL²[11]§@�ÆS

¥ò�'¯Kàa?1ÆS  '·3�åÆS�k�J"Ïd§3 ²
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�äÔö¥§�±òØÓ�ÆSSN?1ýk©|§ò'�N´�ÆS?

Ök1ÆS§2é�J�?Ö?1ÆS"ù�a'éÆ)�Ç�L§§�

�k4Æ)ÆS
�N´��£§�Ýº��Øõ
§2UYÆS��\

��£"é ²�ä�Ôö�´Xd§4§kÆS�
�N´�8I§ï

á�V�©a¡½[Ü¼ê§2Ú\�(J���§ÆS©a½[Ü?Ö

�[!SN"

• [£ÆS£Transfer learning¤3 ²�ä�ÆSL§¥§éõ�ÿÏ�
êâþ���§Ã{ÆS���p�þ��ä"�«)û�{´|^®²

ÆS���ä§^Ù¥¤�¹��£5ÆS#�?Ö"ù��{¡�=£

ÆS"ïÄL²[13, 8]§XJ·�k��®²ÆS¤õ��.§�±^�

«�{òÙ¥��£[£�#�ÆS?Ö¥"�{ü��{´ò��.�

c����<5^�#?Ö�.�A�J��§2Äu#?Ö?1�N"

��±^�5�.é#?Ö?1��§X¦�#?Ö)¤�8IØ���

�.�ýÿ8I����§½ò��.)¤�8I��#�.�ýÿ8

I"¯¢y²§ù
[£ÆS�{�4�Jp#�.�Ôö�J§AO´

�#?Ö�Ôöêâ���§ù��{�äd�"

• �5z(Regularization) ²�ä�."�k��£§���6êâ°Ä
5`zëê§ù¿�Xù«�.éN´�\L[Ü"Ïd§ÔöL§¥\

\�å��k�Jp�.��*Ð5"�«�5z�{´38I¼ê¥Ú

\éëê½ ²���5zÏf§Xl-1 [? ]§l-2 [63? ]�",�«~^�

�{´Eearly stop§=ÀJ���y8§�3�y8þ�5Um©eü�

=Ê�Ôö [84, 85, 19]"Ø
�	§·��UI�éëê�#L§?1�

�§XéFÝ½ëê�����?1��§��L�½L�"�DÔö�

{��@�´�«�5z�{§ÏL3Ôöêâ¥�Å\\�
D(§�

±4 ²�äÆS��kd��êâ�ªÚ5Æ [116]"�CJÑ�Drop

out [? 98]�{�@�´é�äëê�\DÔö§=3ÔöL§¥�Åò�


ë��""ïÄL²§ù��{�k���ëêm��ÓÔö¯K§¦

�z�ëêu��k���L5§Ó�§T�{��@�´�[õ��ä

�ÓÆS�k��{"�«�.}à�{ [? 88? ? ? ]��@�´�«Ú\

DÕ5��5z�{"�5z�{´�cïÄ�9:��"
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1.2.3 »»»���ÄÄÄ¼¼¼êêê���äää

MLP^Äu¼êi@½EÜ£function composition¤�{�O��5C

�φ(x)§z��C�¼ê´{ü��5N�N\����5-u¼ê"»�
Ä¼ê£Radio basis function, RBF¤�äÄu,��g´�Où�A�C�"

T�{3A��m�O�X�I£:£Anchor points¤{v j}§Äuù
I£
:§�±òz��æ�:x^T:�v j��m�ålL«Ñ5"dd§z�

I£:�L
C��m����Ý§ÄuTI£:�ål¼ê¡���»�

Ä§=RBF"RBF�ä [17, 95, 70]3¼êCq!�Sýÿ!©a?Ö±9X

Ú��¥k2�A^"

1.2.3.1 RBF�ä�Ôö�{

���¹M�RBF��äXã1.10¤«§Ù¥1��(:�A�N��§

z�φ jéA��RBF§½ÂXeµ

φ j(x) = φ j (‖x−v j‖)

Ù¥φ j´?¿��C�¼ê§T¼ê±xÚv j�m�ål�Cþ"5¿φ0´�

ÚÑ\Ã'� £þ"ÑÑ�O��MLPaqµ

yk(x) =
M

∑
j=0

wk jφ j(x) (1.3)

RBF¥�φ j/ª�±´õ��"�~^��U´Xe�pd/ª:

φ j(x) = exp

(
−
‖x−µ j‖2

2σ2
j

)
(1.4)

Ù¥{µ j}=�c¡?Ø�I£:8§σ j´pd©Ù���"5¿þª�p

d/ª´ål||x− µ j||�üCþpd©Ù§�±x�Cþ�õCþpd
©Ù"pdRBF�äXã1.11¤«"Hartman�<y²[42] Xª 1.4¤«�p

dRBF�ä�±Cq��ëY¼ê"ParkÚSandberg�<�í2
T(Ø§

¦�uyéõRBFØ¼ê§�I÷v�½���^�§Ñ�±Cq¤këY

¼ê [80]"

RBF�ä�Ø%g�´^A��mp��
äk�L5�:£I£:¤

��#��I5¢yA�C�§Ïdù
I£:�ÀJw��'�"ÀJ
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Fig. 1.10 �¹M�RBF�»�Ä¼ê�ä"

Fig. 1.11 ÄupdØ¼ê��RBF�ä"

ù
I£:�§�æ^ÃiÒÆS��{§XKþ�£K-means¤àa§pd

·Ü�.���¥%:Ú�Aëê£XpdRBFp�°Ýëê¤"ù���

�I£:äk�r��L5§��'�·ÜRBF�ä"(½ÐRBF��§�

�u�5�.p�C�¼êφ(·)®²(½§Ïd�|^�5�.�ÆS�{
ÆS1��N��ëê",�«�.Ôö�{´òRBFÚ�5�.w��N§

ÄuBP�{?1Ú�ÆS"ù�ÆS���RBFé�c?Ö��L5�5§

��U���
ÛÜL�á5§ÚåL[Ü"
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1.2.3.2 RBF�ä�¿Â

·��±lA��¡n)RBF�ä�¿Â§�)��©Û!£8Ú©a

?Ö�"�!éù
g´�{�0�§±n)RBF�L�5"

l��©Û�RBF

3��©Û¥§®��|êâ{(xn, tn)N
n=1}§é��#�Ñ\x′§|^®

k�êâ��Ü·�ÑÑt ′"�Ø¼ê�φ(·)§é?Û��Ñ\x§Ù�A�
ÑÑtdXeN�¼ê��µ

f (x) =
N

∑
n=1

wnφ(‖x−xn‖) (1.5)

éuÔö8¥�z�êâ(xn, tn)§Ñ��ÑXþª/ª§K����N��

ª"duþª¥�ëê{wn}��N�§Ï�±)Ñù
ëê§¦�TN�

¼êéÔö8þ¤k�:ÑTÐ÷v"éuØ3Ôö8þ�:§N�¼ê

1.5Jø
�«ÄuÔö8¥¤kêâ����{"

ª 1.5¤«����{�ª 1.3¤«�RBF�ä�~�q§φ(·)��
uRBF�ä¥�RBF¼ê"ØÓ�´��úª 1.5 ¥�φ(·)´dÔö8(
½Ð�§RBF�ä¥�φ j(·)´ÔöÑ5�"XJ·�éT��{?1*Ð§
#Nz�RBF�¥%�±(¹��§�RBF�ê8Ø½§K��RBF�ä§

=µ

f (x) =
M

∑
j=0

w jφ(‖x− v j‖)

5¿�þª¥�M���êØ��§þã��RBF�äéÔö8¥�:�7

U°(ýÿ§ù���±��²�Ø��OK?1[Ü§éA��£8?Ö

�RBF"

lØ£8n)RBF

�½Ôöêâ{xn, tn}N
n=1§b�êâ(x, t)ÑlXã 1.12�éÜ©Ù§=§

p(x, t) =
1
N

N

∑
n=1

f (x− xn, t− tn)
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Ù¥ f (x− xn, t − tn)�±,��Ôöêâ��(xn, tn)�¥%�VÇ©Ù"X

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

ãéÜVÇ§�½��Ñ\x§�±O�ét�ýÿµ

y(x) = E[t|x] =
∫

t p(t|x)dt (1.6)

=
∑n
∫

t f (x− xn, t− tn)dt
∑m
∫

f (x− xm, t− tm)dt
(1.7)

-g(x) =
∫

f (x, t)dt§ÏLCþ��§��:

y(x) =
∑n g(x− xn)tn
∑m g(x− xm)

= ∑
n

k(x,xn)tn

Ù¥·�®²½Â
��Ø¼êk(x,xn):

k(x,xn) =
g(x− xn)

∑m g(x− xm)

XJ·�òk(x,xn)À�RBF�ä¥�»�Ä¼êφ(||x− xn||)§òtnÀ�éA

�RBF��§K·���aqRBF�ä/ª"5¿ùp�Ø¼êk(x,xn)´

'φ(||x− xn||)�Ï^�/ª"

Fig. 1.12 Ø£8�{¥éêâ©Ù�b�"
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l©a?Ön)RBF

·���±l©a?Ö5n)RBF§¬���k��(J"��;.

�©a?ÖXã1.13¤«§Ù¥êâ�)n�a§z�aCk�^��VÇ�

ÝP(x|Ck)5L«"©a?Ö�8I´�½��#���§¦ÑT��áu�

�a���VÇ§Xeª¤ãµ

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

p(x)
=

P(x|Ck)P(CK)

∑k′ p(x|Ck′)P(Ck′)

XJ½ÂRBFXeµ

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 1.14.

Fig. 1.13 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�ÄuA�J�� ²�äµõ�a�ìMLPÚRBF�

ä§ü� ²�äþ�±£ã?¿ëY¼ê§�äkØÓ�A:"Äk§

éMLP�.¥�z�Ûõ(:§Ù‘�-u�’´��²¡§ù¿�XÑ\�

Cz¬3Ûõ�����S�)K�µRBF�.¥�z�Ûõ(:�‘�-

u�’´��¥¡§ÏÑ\�Cz�¬3ÛÜ�m�)K�"ù�A5X
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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. 1.14 Äu��dúª���VÇO��@�´��RBF�ä§1��¦éz�a

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

:"

ã 1.15¤«"dd��§MLP�&ED4�@�´©Ñ�§RBF�&ED4

´ÛÜ�"dd�)���(J�U´MLP3ØÓÑ\�m�ëê��5�

r§�*Ð5�r§RBF���5'�f§I�k�LØÓÑ\�m�ê

â5é�.?1Ôö"Ïd§MLPI��Ûõ(:ê'RBF�ä�Ûõ(:

ê���õ"

Fig. 1.15 MLP�RBF��-u�"ã¥x1Úx2´ü�Ñ\§y´Ûõ(:�ÑÑ"

lÔö�Ýw§RBF�ä�^ÃiÒÆS5ÔöRBF¼ê§4�ü$


ÔöJÝ"=B´iÒÆS§Ï�RBF´ÛÜ�§ëê����§éz

�Ü©êâÔö�éÙ§êâ�K���§ÏdÔöå5'ëêpÝ��

�MLP�N´"
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1.2.4 ������ååå���   ²²²���äää���...

IOMLP�.´�«�ë�(�§äkr��ÆSUå§�3¢SA^

¥XJØ�Äêâ©Ùá5_8ÆS§KéN´?\LÔö"�)ûù�

¯K§·�3ï��AT¦þ�Äêâ���(�5�§Äuù
k��£

�O�k(���ä§  ����Ð�(J"

¢Sêâ£Xã�êâ!©�êâ!�Ñêâ�¤  äkm²�(�

zA5§~Xµéõêâ  ?u��f�m¥§êâ  äkàa5§ê

â��Ým  äk�'5§êâ���  ´DÕ�£=��k��A�

�¤§��"3¢SïÄ¥§·�~��Ú�|^�(�z5��)µ

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

• �S(�µ3�Ñ&Ò½©�êâ¥§·�w��´���mS�§�C
�m�&Ò½©���'5ér§�Ó�ª�UÑy3��S��ØÓ

��"

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

Äuù
k��£§ïÄ<
é�ë��MLP�.?1�å§=Ú\�

½�k�(�§ÏL��ë�Ú��ëê��{§Ø=~�
�äëê5

�§�~�
O�þ§���´Ú\k��£¦��.(�ÚÔö�{

�k�é5";.�(�z ²�ä�.XdLecun�[66]JÑ�òÈ ²�

ä�.!dBishop�[14]JÑ�·Ü�Ý�ä±9dPearl�[82, 33]JÑ��

�d�ä�"

1.2.4.1 òÈ ²�ä�.(Convolutional neural network)

�«(�z�å�{´|^��!ª�½�mþ��ªEA5§¦

ØÓ ��A�J���ëê§ù�����ä(�¡�òÈ ²�ä

£Convolutional neural network, CNN¤"ã 1.16�Ñ��{üCNN�ä§Ù¥

�)��òÈ�Ú��üæ��"òÈ�|^��òÈØ��©Ñ\²¡?

1òÈö�§)¤��A�²¡£Feature Map¤§üæ��|^��{ü�

òÈØ£X²þ½����¤éA�?1ü�"òÈØ��^aqu��È

Åì£Filter¤§�±^5ÆSÑ\&Ò¥�E�ª"duz�òÈØ�ë
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êÏ~��u�ë��ä�ëê§Ïd�.E,Ý��$éõ"üæ��Ø

=�±é���òÈA�?1ü�§��±�ØÏÑ\&Ò���C/Úå

�A�ËÄ§JpXÚ�°�5"

Fig. 1.16 CNN�ä¥�òÈÚüæ�"òÈ�^õ�ÈÅìJ�A�§üæ��^5Ö�

Ï��C/�)���A�ËÄ"

ã1.17�Ñ��A^3ã�£O?Ö¥�CNN(�"T(��)ü�ò

È§z�òÈ����üæ��"òÈ ²�ä�g´5u1984cF�Æ

öFukushima[32]JÑ� ²@�Å£Neocognitron¤" ²@�Åò��Àú

�ª©)¤Nõf�ª£A�¤§,�?\©��ë�A�²¡?1?n"

T�.ÁãòÀúXÚ�.z§¦ÙU
3=¦ÔNk £½��C/��

U�¤£O"

o(å5§òÈ ²�ääke�5�µ£1¤¦^òÈØ�±ÆSÛÜ

E�ª§Ï�å�A�J��^¶£2¤üæ��é�m!�m!ª�þ

���/Ck-��^¶£3¤ëêþ�§ÔöN´¶£4¤�±Äuk��£

£X�ª���¤�OòÈØ§Ïk|uò�£(Ü��ä(�¥§;�

EÆS"
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Fig. 1.17 ^uã�£O�òÈ ²�ä(�"T(��)ü�òÈ�§z�òÈ����
�üæ��"

1.2.4.2 ·Ü�Ý�ä(Mixture-Density network)

òk��£� ²�ä�(Ü�,�«�ª´éêâ©ÙïáVÇ�

.§^ ²�äýÿ�.�ëê"ù«�ª�±òVÇ�.�°�5£Ï�

k<�©Ùb�¤Ú ²�är��ÆSUå(Ü§dVÇ�.5��L[

Ü§d ²�ä5Orëê�OUå"·Ü�Ý�ä=´ù��«·Ü�

."~X§·��±b�êâ©Ù´��pd·Ü�.£GMM¤§

p(t|x) =
K

∑
k=1

πk(x)N
(
t|µk(x),α2

k (x)
)

�.ëê§�)z�pd�þ�Ú��{µk(x)}9ØÓpd��{πk(x)}d
 ²�äÆS��"5¿§3ù��.¥§GMM�ëê´Ñ\x�¼ê§ù

�DÚGMMØÓ"ù�ØÓ�5��K�§¿�Xé(x, t)�VÇ£ã��

°("

1.2.4.3 ��d�ä(Bayesian network)

þ�ÙùL��d�.§ÏLé�.ëê�½k�VÇ5éÙ?1�

å"�{Bå�§��ÀJpd©Ù��k�VÇ§=µ

p(w|α−1I)

Ù¥w� ²�ä�ëê�þ"±£8?Ö�~§é��Ôöêâ8D =

{xn, tn}N
n=1,Ù^�VÇ�µ
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p(D|w,β−1) = Π
N
n=1N(t|y(xn,w))

Kéw���VÇµ

p(w|D) ∝ p(D|w,β−1)p(w|α−1I)

dup(D|w)'�E,§þªéJ��)Û)§��I�æ^Cq)5�

Op(w|D)"�«�O�{´.Ê.dCq§=^��±p(w|D)�����¥

%�pd©Ù5Cqp(w|D)"

1.3 ÄuPÁ� ²�.

þ�!·�?Ø
ÄuN�� ²�ä�.§�XÚ�½�|��

é{(x, t)}�§T�.ÆS��éx�N�y = f (x)§¦�y�8ICþt�ål

��"ù��.Ì�^uýÿ?Ö"3¢S)¹¥§�k,�a¯K§3

ù
¯K¥·�=kêâxvk²(�êâIPt§·�F"k�.�±£

ãx�©Ù§½ö���Lx�Ä�A�"éùa?Ö§ÄuN�� ²�ä

w,´ØÜ·�"ïÄöJÑ�«ÄuPÁ� ²�ä5?nù�¯K"3

ù« ²�ä¥§�ä(�^5P4,
Ôö��"��äÔö�¤�§é

u��ÿÁ��§�±l�ä¥J�Ñ���Cq�Ôö��"ù�PÁ(

�äk�¿Â"��¡§é��¹kD(�ÿÁ��§ÏLCq��J

�§¯¢þå�
�D�J¶,��¡§XJÔö��v
õ§ù��äK

Æ�
Ôö��¥�kd���ª§ù¿�X3éÿÁ��J�L§¥§ò

�'5wÍ�ª§�Ñ�wÍ�ª§Ï´�«k��A�J��{"ù

�5��~�§´eÙ�?Ø��ÝÆS�{�Ä:"

�!ò0�A«ØÓ� ²�.§�)µKohonen�ä!¿Ê����

ä£Hopfield Net¤§V�é�PÁ�ä£Bidirectional associative memory¤§À

�[ùÅ£Boltzmann machine¤§gÄ?èÅ£Auto-encoder¤�"

1.3.1 Kohonen���äää

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

JÑ [62]"Kohonen�ä�Ä�g�´òp�êâN����$��m§¦

�3p��m¥�©Ù(�3$��m�±�±"��Kohonen�ä�¹
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eZ ²�(:§ù
(:��¬��3��5��²¡þ§Xã 1.18¤

«"z�(:siéA��d��þvi§Ù¥d�p��m£êâ�m¤��Ý"

3ÔöL§¥§é��d�Ñ\�þxn§�±O�T�þ�¤k(:m�å

l{d(vi,xn)}§ÄuTålÏé���C�(:s j?1-u§ù�(:s j¡�

�Z��(:£Best Matching Unit, BMU¤"é�BMU��§éBMUéA�

�þ?1�#§¦��v j �\�C"~X§�æ^Xe/ªµ

vt
j = vt−1

j +α(t)xn s j = BMU(xn)

Ù¥α(t)´t���ÆSÇ£TÆSÇ����mtO\P~¤"þã�#é

¤k{xn}Ì�?1§=�¦Kohonen�ä�(:�Lp�êâ"ù�L§X

ã 1.19¤«§Ù¥7ÚL«êâ©Ù§��¥�(: �dT(:éA��

þû½"é��#�êâ:£ã 1.19¥�xÚ:¤§ÏéBMU£��¤«¤§

òÙ Têâ:���#§XdÌ� E§���ä(:�éA�þ=�¿

©�LÔöêâ"

XJ·�c[�	�eþãÔö�{§uy§¯¢þ´��3�k-

mean�{"ù��{��y�ä¥�(:¿©�LÔöêâ§�¿ØU�y

3p�²¡þ�C�:3$�²¡þ�-u(:£=BMU¤´�C�"ù´

Ï�·�3�# ²��þ��ÿ¿vk�Ä�� ²�3$��m¥�?

Û�q5"ùw,ØU÷v·�3$��m�±êâ©Ù(���¦£�±

ë�3k-mean�{¥§��¥%¥þ´�gÕá�§¿vk?ÛC�'X¤"

�)ûù�¯K§·��±¦$��m¥���:�Ó�êâ-u§Xã

1.18¤«§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§�ä(:�þ��#úªXeµ

vt
k = vt−1

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

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

��-u§ÿÀ(�¤½Â�C�'X�Ú\��.¥§=�¢yép�

�m¥��'X�ÓP�¥y"5¿ã 1.19Úã 1.20�Ôö�L§¥®²

Ú\
ù«��'X§Ï3Ôö�Ø=BMU��þ��#§���(:

éA��þ�Ó���#§Ï�)�ä�Ó/C��J"Ú\��'X

´Kohonen�ä«Ouk-mean�Ì�A:"
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Fig. 1.18 Kohonen�äã

Fig. 1.19 Kohonen�äÔöL§"�½��Ôöêâ§Xã¥xÚ:¤«§ÔöL§òé

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

��ä(:¥��þ�¿©�LÔöêâ"

Fig. 1.20 Kohonen�äÔöL§«~"�XS�gêO\§�ä(:�5��Lêâ©

Ù"

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"ù«ÛÜN�á5`²TN�U,´�«��5N�§�£ã�«E
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,�©Ù�¹"ù�:ÚPCAwÍØÓ§�ö´�Û�5N�§�épd©

Ùêâk�"ã 1.21�Ñ3��;.�pdêâþKohonen�äÚPCA�é

'§w,Kohonen�ä3ù«êâ©Ùþ�U£ãêâ©ÙA5"

Fig. 1.21 Kohonen�ä�PCA3�pdêâþ�é'"ùÚ�^�L��Kohonen�ä§

z�(:� �dÙéA��þû½"PCA3ã¥L«��^7�"

Kohonen�ä´�~{ü��«PÁ�ä§T�äÏL�
PÁ(:

£d�ä(:�éA�þL«¤éÔöêâ?1L�§3�ªJ��òêâ

N����q�(:"�Ä��ä(:Ï~¬PÁ�k�L5�êâ§ù�

�{�±@�´�«È��;.êâPÁ"

1.3.2 ¿¿¿ÊÊÊ������������äää

Kohonen�ä§��ÙéêâL«�Ó�5£$��m�±p��m�

�Cá5¤§ÙL�Uå�¥þþz£Vector Quantitization, VQ¤aq"��

Ì��Ï3uØÓ(:ÑkgC��þ§(:�m"�ëê��§vk/¤

(�z�ÓL�§ÏdPÁUåé$"

Hopfield�<31982cÉ�<aPÁ�ª�éuJÑ�«PÁ�ä[51]§

Xã1.22¤«"T�ä�¹eZ��� ²�(:£�+1½−1¤{s j}§z�
é(:(si,s j)mÏLÃ�>wi j�ë"¤k(:|¤���þ§T�þ�,�

��¡��«“�ª”"Hopfield�ä�8�´ÏLù�pé(�§P4Ôö

L§¥��§�,
�ª§�PÁ�¤�§3“£Á”�ã�±òcÏP4�

�ªJ�Ñ5"
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Fig. 1.22 ¿Ê����ä

1.3.2.1 �.ÆS

Hopfield�ä�ÆSL§=´éÔö�ª?1PÁ�L§"òµnL«

1n��ª§µn
i L«T�ª�1i���£(:¤��"�«~��ÆS�{

æ^HebbianOK [45]§TOK�{üLã�‘Ó�-u�ü�p�ë�’ [71]"

Äuù�OK§�½N�Ôö�ª{µn}N
n=1§�O�(:siÚs j�m�ë��

�µ

wi j =
1
N

N

∑
n=1

µ
n
i µ

n
j

5¿§þª¥XJµn
i Úµn

jÎÒ�Ó§KÄuT�ªéwi, j��z���§¿

�XÓ�-u� ²�m�ë�\r§TÐÎÜHebbianOK"þãÆS�

�±æ^Oþ�ª§=µ

wn
i j = wn−1

i j −
1
n
(wn−1

i j −µ
n
i µ

n
j )

Ù¥wn
i, j�ÆS1n��ª� ²�siÚs j�m�ë��"

HebbianÆS�±n)�����q,¯K"�½Ôö8D = {µn}N
n=1,`

zXeq,¼êµ

L(W ) = p(D;W ) = Πn p(µn;W )
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Ù¥W = {wi, j}��äëê"�þãVÇäk3Ùd/ª£Gibbs measure¤

Xeµ

p(µn;W ) ∝ e∑i j wi, jµ
n
i µn

j +∑i θiµ
n
i

Ù¥{θi}�<��½��.ëê£ØIÔö¤"Äuþãb����q,`z
=��ÑHebbianÆSOK"éAþãVÇ/ª§���ªµ�Uþ¼ê�µ

E =−∑
i, j

wi jµiµ j +∑
i

θiµi (1.8)

Ïd§HebbianÆSOK�8�´¦Ôöêâ�VÇ��z§½�éA�§U

þ��z"ã 1.23�Ñ��Uþ¼ê«¿ã§Ù¥î¶L«ØÓ¼ê�ØÓ

G�§p¶L«G�éA�Uþ"²LÆS±�§�Ò´PÁ�¤�§Ôö

�ªÑ?uUþÛÜ�$G�"5¿¿Ø´¤kUþÛÜ�$:ÑéA��

Ôö�ª§du ²�äë��E,5§,
UþÛÜ�$:¿�Ï"PÁ

��ª§ù
�ª�¡�‘��ª’ [46]"

Fig. 1.23 Hopfield�ä�Uþ¼êã

1.3.2.2 �ªJ�

3�ªJ��§�½�.��§�½���DÑ�Ð©�ª£XÜ©

PÁ��ª¤��ã 1.22�Ñ\§�����TÐ��C��ª"ù�L§

Xã 1.23¤«µÐ©�Ñ\G�3µ I§ÏLS�{Ïé�C�UþÛÜ�$

:§�ª���PÁ��ªµ0"�¢yù�S�|Ï§�±éúª 1.8¦d

u,� ²�si���CzÚå�UþCzµ
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∆Ei = E(µi =+1)−E(µi =−1) =−2∑
j

wi jµ j +2θi

þª¿�XXJ÷vXe^�§Ksi�+1¬¦Uþ�$µ

−∑
j

wi jµ j +θi < 0

XJØ÷vþª^�§KAési�−1"ù�(Øo(Xeµ

µi =

+1 if ∑ j wi jµ j ≥ θi

−1 otherwise

þ¡·�í�
é,� ²(:��#�ª"é���ä¤k(:��

#�æ^ü«�ªµ3ÓÚ�#¥§é¤k(:Ú��#(:�¶3ÉÚ�

#¥§l,�(:m©�#§¿|^�#��(:���#Ù§(:"þã

�#L§S�?1§��Ø2k(:�u)CÄ"Hopfieldy²ù���5

Ä�XÚ´½�§Ïdù��#L§o¬Âñ���ÛÜ��Uþ:"ù

���Uþ:Ï~´�.I�P��ª§���U´����ª"

1.3.2.3 Hopfield�ä�PÁõU

ÄuHopfield�ä��ªJ��ª���wÍA:´l��Ð©�ªÑ

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

[79, 51]¤"ù�PÁ�ª�^uÄuSN�Ï�£Content-based Addressing¤"

ÄuTÅ�§�½Ü©�ª½�DÑ��ª§=�ÏLHopfield�ä��Ú

ù
�ª��C�8I�ª"~X§·�ÏLÆS§4Hopfield�äP4


��êiã¡§3J��Ñ\,�C/�DÑ�êi§Hopfield�ä¬gÄ

Ä��Úù�êi��C�êi§ù¯¢þJø
�«k���5z�ª"

�,§Hopfield�ä�A^�Ø�d§ù«PÁõU´¤kÄuPÁ� 

²�ä��ÓA�"

Hopfield�ä�PÁUå´k��§¿��ä(:êÚ(:m�ë�ê

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

���138�§=�ª/(:'��0.138 [46]"Liou�<y²§ù�'~�U

¬Jp�0.14±þ [69]"
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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]§Xã1.24¤«§Ù¥x�L

«��(:{vi}§��L«Ø��(:{h j}"ØØ´��(:�´���(
:Ñ´�ÅCþ§�z�(:�VÇ©Ù�6u�Ù�ë�(:��"�¡

·�¬w�§ù��.¯¢þ´��k�ã�.§½¡�ê��Å�Å|

£Markov Random Field, MRF¤"

Fig. 1.24 À�[ùÅ(Boltzmann Machine¤.

1.3.3.1 $1�æ�

3c¡0�Hopfield�ä�§·�J�é�ª?1J��§ÏLS��

#z� ²�(:5��ÛÜ�$Uþ:"À�[ùÅ�$1�ªaq§�

´ÏLS���Ïþ�$"ØÓ�´À�[ùÅ´�Å�.§Ïù�Uþ

�$Ø´G���þ�Uþ�$§´���«½�G�©Ù"

ÚHopfield�äaq§·�½Â���ªµ�UþXeµ

E(µ) =−∑
i, j

wi jµiµ j−∑
i

θiµi (1.9)
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ÚHopfiled�ä�kØÓ�´§À�[ùÅS.þ�µi ∈ {0,1}"b�ÄuT
�.�G�£=�ª¤VÇ©Ù�À�[ù©Ù§=µ

p(µ) ∝ e−
E(µ)

T (1.10)

Ù¥§T��~ê"

·��	,�(:si£�U´Ûõ(:½��(:¤§ÙUþCÄ�µ

∆Ei = E(µi = 0)−E(µi = 1) = ∑
j

wi jµ j +θi (1.11)

dÄuÀ�[ù©Ùúª§��:

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�Å��§ª

¥∆EiAÄuª 1.11O�"5¿3O�∆Ei�§�6�(:i�'�¤k��

(:s jÚsiþ� �þθi"ù�O�´��S�L§"²L�ã�m�$1

�§À�[ùÅò��½G�§T½G��Ð©G�Ã'§���.ë

ê�'"

þã$1L§½�w���3Ùdæ�L§§3TL§¥§zgæ��

é��(:si �^�VÇP(µi|µ−i)?1�Å��§Ù¥µ−iL«�Ø(:si	

�ªµ���"3�YÙ!·��±w�þãæ�L§òÂñ����©

Ù"Ïd§À�[ùÅ´��)¤�.§�^5)¤·ÜT�.��©Ù

��§ù´�Hopfield�ä���;.«O"

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¢SA^¥§·�F"��À�[ùÅU�L���Ôö�

��©Ù5Æ§P�P+(v)"5¿���À�[ùÅ¥�)Ûõ(:Ú*	

(:§d�.¥�êâ©Ù5ÆP�P−(v)§�±�½�´Ù¥�¹Ûõ(
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:��^¤©§�§E�d*	(:éÜVÇL«���©Ù§ù´du·

�?1
ÛõCþ>�zµ

P−(v) = ∑
h

P(µ)

·��?Ö´N�À�[ùÅ���ëê§¦Ù¤�L�©ÙP−(v)Ú¢S

êâ©ÙP+(v)¦�U�q"^KullbackõLeibler (KL) ÑÝ5£ãùü�©

Ùm�ål§��ÆS8I¼êXeµ

L(W,Θ) = ∑
v

P+(v)ln
P+(v)
P−(v)

(1.13)

Ù¥(W,Θ)L«À�[ùÅ�ëê8Ü"éþª?1��z§=���¤é

À�[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"

úª 1.16Úúª 1.17`²À�[ùÅ�Ôö�~{ü§é,�ëê�Ô

ö�I�Ä�Tëê�'� ²�(:�VÇ´Ä�¢SÔöêâ�VÇ

�¹��=�"l,���Ýw§ù�Ôö¯¢þ�HebbianOK´���µ

�ü� ²�Ó�-u�§p+i j��§XJp−i j��§`²�.éù�ÓÚ-

u5£ãØ
§Kúª 1.16�K�§K¿�X�ª 1.14éwi j?1�#�§¬

¦wi jO\"ù�´HebbianOK¥£ã�‘Ó�-u� ²�ë�Or’¥%g

�"
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nØþ§À�[ùÅ�Ôö�~{ü£úª 1.14§ 1.15¤§�3¢Sö

�¥§p−(v)�O��~æ�§I�À�[ùÅ$1��©Ùâ�O�"

���©ÙØ=�Ñ¤�þ�m§�´Ä�����ÒéJ�ä"�

�.� ²��õ�§ù«È��Ôö�{A�´Ø�U�"Ïd§À�[

ùÅ¿vk3¢S¥A^éõ"=+Xd§ù��.¤�5�nØd�´ã

��µ�´ÙÔöL§�HebbianOK���5§l,��¡y²T�.é

<a ²XÚ�ÆS�ª?1
,
�¡��[¶�´ù«�.ë�
Åì

ÆS¥��d�{Ú ²�.�{ü�Æ�§��¡y²
3 ²ÆS�|

^VÇ�{§,��¡L²VÇ�.�±#N�Ï^�(�¶n´ù��.

ë�
ÔnÆ¥�,
{ü�Ä�XÚ£Xc^zL§¤�ÅìÆS¥�V

Ç�. [51]§L²VÇ�{�ÔnÆ�,
��éX"

1.3.4 ÉÉÉ���ÀÀÀ���[[[ùùùÅÅÅ

Ï^�À�[ùÅéJÔö§�XJéÙ(�?1eZ��§K��

�k��Ôö�{"�«��(�´ò*	Cþ{vi}ÚÛõCþ{h j}©�ü
|§�kØÓ|�ü� ²(:�±ë�"ù�(�¡���5À�[ùÅ

£Restricted Boltzmann Machine, RBM¤§�ÐdPaul Smolensky in 1986cJÑ§

��¡�Harmonium"��RBM�(�Xã 1.25¤«§Ù¥ùÚ(:L«�

�(:§7Ú(:L«Ûõ(:§ùü|(:mkÃ�>ë�"

Fig. 1.25 ��5À�[ùÅ(Restricted Boltzmann Machine, RBM¤.
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RBMk2�A^"Äk§RBM�±@�´�«(�ÆS�{§ÙÛC

þ©Ù^±L�êâ�SÜ(�"ù�5��^53©�©Û¥ÆSÌK�

. [49]"Ùg§XJÛCþ'��§�±@�´�«êâü��{ [48]"1

n§Ï�RBM�±ÆSêâ¥�Ì�A�§�KÃ'DÑ§Ïd�^�A�

J� [23]"1o§RBMõ^u�iÒÆS§�XJ��Cþ¥�¹,
8I

Cþ§KRBM��^u�iÒÆS§X©a?Ö [65]"

1.3.4.1 RBM�$1

«©Ûõ(:Ú��(:§RBM�Uþ¼ê�½ÂXeµ

E(v,h) =−aT v−bT h− vTWh

dù�Uþ¼ê½Â�©Ù¼ê�µ

P(v,h) =
1
Z

e−E(v,h) (1.18)

Ù¥Z = ∑v,h e−E(v,h)´5�zÏf§½Partition function§d�.ëêû½"

5¿§þª¥·�®²^E(v,h)¥�ëêrÀ�[ù©Ù¥�~ê�áÂ"

RBM�É�(��5���{z§=�½Ûõ(:§z���(:�VÇ

©Ù´^�Õá�£Conditional independent¤¶��§�½��(:§Ûõ(

:�äkÓ�á5§=µ

P(v|h) = ∏
i

P(vi|h) (1.19)

P(h|v) = ∏
j

P(h j|v) (1.20)

�\À�[ù©Ù/ª§��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¥�^�Õá54�{z
�.$1§¦�3Ùdæ��±©¬?1

£Block-Gibbs sampling¤µ�½��Ð©G�§Äu�c*	þCþv§�ú

ª 1.20Úúª 1.22æ�Ñh¶Äuæ����h§�úª 1.19Úúª 1.21æ�

Ñv"
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1.3.4.2 RBM�Ôö

3ÔöL§¥§·�F"�.éÔöêâ�éÙ§êâ�VÇ�p£U

þ�$¤"dª 1.18��µ

P(v) =
1
Z ∑

h
e−E(v,h)

é��Ôö8D = vn§��8I¼ê�µ

L(W,a,b) =
1
N ∑

n
logP(vn) =

1
N ∑

n
{log[∑

h
e−E(vn,h)]− log[Z]}

^FÝeü{�éþª¥��.ëê`z"±ëêwi j�~§5¿

�−E(v,h)¥�k��Úwi j�'§�L«�µ

E(wi j) =−vih jwi j + const

�\8I¼êµ

L(wi j) =
1
N ∑

n
{log[∑

h
e−vn

i h jwi j+const(h)]− log[Z]}

5¿þª¥XJé,�Ôö��§XJvn
i h j = 0§K−vn

i h jwi jéFÝÃ�z§

Ïk:

∑
h

e−vn
i h jwi j = e−vn

i wi j P(h j = 1|vn)+ const

dd�8I¼êéwi jFÝ�µ

∂ logP(v)
∂wi j

=
1
N ∑

n
(vn

i )P(h j|vn)− ∂ log[Z]
∂wi j

(1.23)

= < vih j >data −
∂ log[Z]

∂wi j
(1.24)

Ù¥< vih j >dataL«Äu¢SÔöêâvih j�Ï""5¿�Z = ∑v ∑h e−E(v,h)§

Ïd�^Ó���{J�ÑÚwi j �'��?1¦�§��

∂ log[Z]
∂wi j

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

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

5§kµ
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∂ logP(v)
∂wi j

=< vih j >data −< vih j >model (1.25)

Äu�q�L§§�é �aÚb?1�#µ

∂ logP(v)
∂ai

=< vi >data −< vi >model

∂ logP(v)
∂b j

=< h j >data −< h j >model

XJ·�£�eÏ^À�[ùÅ�Ôöúª 1.16§Ò¬uyþãRBM�

Ôöúª 1.25Úª 1.16�©�q§Ñ´‘ÛÜÔö-§=,�ëêwi j��#

=�)�Të��'�ü�(:"ù�A:w,´ÚÀ�[ùÅ�Uþ¼ê

/ª�'�"

1.3.4.3 é'ÑÝÔö

þãÔö�{wå5�,{ü§�3¢SA^¥�,I��þO�§Ï

�< vih j >model�O�I�Äu�.��©Ù§ùÏ~�éRBM$1éÈ

âU���Ð��O"Hinton32002cJÑ
�«Äué'ÑÝ£Contrastive

Divergence§CD¤��{ [47]§T�{�IAg3Ùdæ�=��¤�gë

ê�#§ØIXÚ$1��©Ù"äNL§Xeµ

• lÔöêâ¥�Å����v

• ±v�Ñ\Cþ§Äuúª 1.20æ�ÑÛCþh

• Äuh§|^úª 1.19��v����v̂

• Äuv̂n§2|^úª 1.20æ�ÑÛCþĥ

• é�.�#Xeµ
∆wi j = ε(< vh >−< v̂ĥ >)

∆ai = ε(< v >−< v̂ >)

∆b j = ε(< h >−< ĥ >)

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

CD�{�`z8I¿Ø´¦��q,¼ê§´�[é'ÑÝ£=ü

�KLÑÝ��¤�FÝ§��=´Cq�"SutskeverÚTielemany²§CD�
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�#�ª¿ØéA?Û��¼ê�FÝ [100]=+Xd§CD�{3¢SA^

¥Ly��~Ð§4�Jp
�.Ôö�Ç"CD�{���U?´é�.�

æ�±Y?1£Ø+�.ëê®²u)
C�¤§Ø´éz�Ôöêâ

#m©æ�"ù��{¡�Persistent CD £PCD¤ [105]"CD�{�RBMJ

ø
k��Ôöóä§ld±�RBM¼�2�A^§AO´��Ð©Äå

íÄ
�ÝÆSEâ�uÐ [50]"

1.3.4.4 RBM�.C«

Cc5§éRBM�ïÄuÐÕ�"Larochelle32008cJÑiÒÆS

�RBM [65]"3ù«RBM¥§��CþØ
�¹êâA�	§��¹aOI

P"ù��.�^��q,�{½é'ÑÝ?1Ôö§Ó���±^«©5

8IÔö§=��zP(c|v)§Ù¥c´aOCþ§v´êâA�§�öÑ´�

�Cþ"Ø=Xd§iÒÆSÚ�iÒÆS��Ó���Ôö8I§¢y·

ÜÔö§½õ?ÖÔö"

Lee�<32009còÈRBM£Convolutional RBM, CRBM¤ [68]"aqò

È ²�ä§CRBMòÛõ(:©�eZ|§z�|¡���A�²¡

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

�«·ÜRBM�. [76]§T�.aq·Üpd�.§Ú\1n|�þ£aq

pd·Ü�.��¤5��ØÓ|RBM3Uþ¼ê¥��z"

1.3.5 ggg???èèèÅÅÅ

g?èÅ£Auto Encoder§AE¤´,�«ÆSêâSÜ(�� ²

�ä�.§T�.�)ü�Ü©µ��?èì£Encoder¤Ú��)èì

£Decoder¤§Ù¥?èì fφ (x)ò�©êâx?è���A��m§)¤A�h§

)èìgθ (h)ÄuA�hé�©êâ?1�r = g(h)"��;.�(�X

ã1.26¤«"AE�ÆS?Ö´¦���êâÚ�©Ñ\êâ¦�U�C"

é�õêëYêâ§ù�8I�ÏLò�äÔö8I¼ê����²�Ø�

5¢y§=µ

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

½Â
þãÔö8I�§A^DÚ ²�äÔö�{=�é�äëêφ ,θ?

1`z"
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Fig. 1.26 g?èÅ£AE¤�ä(�"

AE�Vg�U@31987cÒÑy
[115, 7]§�´���ÝÆSuÐå

5�âÉ��õÀ"���U��Ï´f��äéA��ÆSUå�f§

���ä�Ôö���3(J§��Hinton�JÑ^RBM?1ýÔö��

â�±)û [48]"

1.3.5.1 AE�Ù§�.�'X

AEÚPCAkU,éX [16, 20]"þ�Ù·�J�L§PCA�Ôö8Ié

�5C���A�?1����Ø���§ù¿�XPCA�±@�´?

èìÚ)èì´�5�§���ëê�AE"w,§AE�(��'PCA(¹§

ÏLO\?èìÚ)èì���5§#N�gÕá�ëê§#N�(¹�8

I¼ê£Äu²�Ø��8I¼êéApd©Ùb�¤§AEäkr��ÆS

Uå [48]"

,��¡§AE�RBM�k;�'X"dc¡RBM�é'ÑÝÔöL§

��§RBM�Ôö8I�´é�©Ñ\êâ��Ø���§ù�AE�

Ôö8I�~�q"Bengio [9]?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¤ [61]"VAEb�

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

5�[T)¤L§���VÇqφ (h|x)"VAEJø
�«ò��d�{Ú ²
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�ä�(Ü�#g´§Q�|^�ä�r�ÆSUå§��±éÆSL§J

øVÇ�å"

1.3.5.2 Ù§�å

AE�ÆS8I´éêâ��§ÏdI��½��å^�â�;�ÆS

²�)£X��N�¤"3DÚAE(�¥§A����Ý�uêâ�Ý§ù

¯¢þJø
�«$��å§r��äÆSwÍA�£XPCA¥�Ì¤©¤"

$��åk�½Û�5§ïÄöJÑ
�X��å�{5JpA�ÆSU

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

[77])"DÚ�DÕ?èØ�3��ëêz�?èì§´ÏL`z�{��

A�"�«~��?è�{´3`z8I¼ê¥\\�yDÕ5A���K

�:

h∗ = argminh {L(g(h),x)+λΩ(h)}

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

K�"~���K��)l-05�Úl-15�"þã`zL§��O�þ��§

�«�U��{´^ ²�ä5ÆSù�?èL§§XPSD�{ [60]"DÕ

g?è£sparse AE¤òDÕ5�Ú\AE¥§�k�/)û
ù�¯K"Ú\

DÕ5���8I¼êXeµ

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

\\DÕ�å�§A��mØ2É$���§Ù�Ý$��±puÑ\�þ

�Ý§Ï�ÆS�E,�©Ù(�;,	§DÕA�òÃ'&E�"§Ï

A��þäk�r�)º5"

,�«DÕ�å�{´é?èì�JacobianÝ
?1�å§8�´¦A

�éÑ\�Cz�\°�§ØÉÛÜCz�K�"�¤8I¼ê/ª�µ

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

ù��.¡�contractive AE [91, 90]"w,§XJA���-u¼ê3h= 0�

�FÝ�0§Kcontractive AE¬Úsparse AE���)DÕA�"

Ø
DÕ5§,�«�å�{´�Ñ\êâ¥\\DÑ§�)xDÑ!

¢S|µDÑ½,
�Ý�êâ»�½"�§ÏLAEÆSvk\\DÑ
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��©êâ"ù«\DÔö��u3�©Ôö8I¼êþ\\���5z

�§O\8I¼êéÑ\Cz¯a5ü$ [37]"ù��.¡��Dg?èÅ

£Denoising Auto Encoder, DAE) [108, 109].

�CïÄL²§DAEäkÆSêâ©Ù��5� [107, 2, 12]"ù


ïÄ�����¥%(Ø´é��?è/)èXÚ§XJDÑÚ�{þ

£Reconstruction Residual¤ÑÎÜpd©Ù§KDAE�±ÆSêâ�©Ù"ä

N5`§�DÑÎÜXe5Æµ

C(x̃|x) = N(x̃; µ = x,Σ = σ
2I)

DAEÔöOK�µ

||g( f ((̃x)))− x||2

K g( f (x))−x
σ2 ´ ∂Q(x)

∂x ����O§Ù¥Q(x)L«êâ�¢S©Ù"

lù�(J·��±��eZ�(Ø"Äk§XJé@
�±°

(��:x§ g( f (x))−x
σ2 = 0§K3T:x?�êâ©ÙVÇQ(x)��z"1

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

:�FÝ��´���"5¿log(Q(x))�±@�´êâx�Uþ|§ù`

²DAEÆS
êâUþ|¥�FÝ§FÝ���/�§�Ø���"ã

1.27�ÑDAEÆS��Uþ| []"Äuù�:§BeingioéDAEJÑ
�«V

Ç)º§�d)ºDAE�±À���)¤�.§|^DAE?1�ES�£=

òDAE�ÑÑ#\\D(��DAE�e�gÑ\¤)¤)¤êâx [12]"

Fig. 1.27 DAEÆSêâUþ| [2]"�ã´�µã§mã´��ã"ã¥¡L«¢Sê

â©Ù �§z� �x?��ÞL«r(x)− x§Ù¥r(x) = g( f (x))"5¿mã¥m �§

UþFÝ�"§�ù
 �¿�êâ©Ù �§´UþÛÜp:"
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1.4 ÄuL§��.

þ©·�J��N��.ÚPÁ�.Ñ´�«‘·��.’§==�Äê

â�©ÙA5§ØÓ����b�´ÕáÓ©Ù�"3¢S)¹¥§·��

~��,�«¯K§3ù
¯K¥§���Ñyäkér�S�5§�5�

��3©ÙA5þÚ±cÑyL���äkér�'5"X�Ñ£O?Ö¥

�Ñª&Ò§g,�ón)?Ö¥�þe©&E§�¦�´&Ò±9M�Æ

¥�M>Å&Ò�§ÑU,äkér��S�'5"·�òùa¯K¡�S

�¯K")ûS�¯K��.Ï~¡�Ä��.½L§�."

)ûS�¯K�Ä�g´´¦�.���k�S5§¦��±£ãS�

&Ò¥�Ä�uÐ"DÚ�{�)�«Ä�VÇ�.§�)lÑG��m�

Ûê��Å�.£HMM¤!ëYG��m��5Ä��.£Linear Dynamic

System, LDS¤§½�Ï^�Ä���d�.£Dynamic Bayesian Network,

DBN¤�{�"ù
�{Ñéêâ�Ä�5�Ñ,«VÇb�§ÄuTb�

Ôö�.Ú?1ín"{ü�Ä�VÇ�.Ôö{ü§�·^5Ør¶E,

�Ä��.ØØÔöÚínÑ�(J§�,�æ^�
Cq�{£XC©½

æ��{¤§�ù
Cq�{k�U3��ÒØé°(��.b�þ�5�

� �"

ÄuL§£S�¤� ²�.|^ ²�ä5�[ù«Ä�5"3ù«

 ²�ä¥§�äÑÑØ=�6�cÑ\§��6c¡¤kÑ\ÚÑÑ§Ï

�ÆSêâ¥�S��'5"ù«�äÏ~¡�48 ²�ä£Recurrent

Neural Network, RNN¤"RNN´�
��[x§�{ü�´(:m�ë��

�ä§#Nz�(:é¤kÙ§(:?148ë�"Xþ©¤ã�¿Ê��

��ä [51]§=�@�´ù«�ë��RNNµ��½��Ñ\�§T�äÏ

L48$1§�cG���O�e�G���â"ù�(��,Ï^§�Ô

öå5é(J")ûÔö(J�)ü�g´§�´éù
48ë��±�Å

Ð�§Ø7#Ôö§XEcho State Network£ESN¤ [55]",��g´´Ú

\�½�(�z��"RBM�±@�´ò(:©�ü|§ü|�m�34

8ë��RNN"�~���ª´ò(:©�§�#NÓ��m�348ë

�§XElman�ä [29]§½�#NÑÑ��Ûõ��48ë�§XJordan�ä

[56, 57]"ùü«�ä´�~^�RNN(�"·�lElman�äm©ùå"
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1.4.1 Elman444888   ²²²���äää

Elman RNN�(�Xã 1.28¤«"ÚMLP�'§�±w�Ûõ��ÑÑ

�£D£Ûõ�§��e����Ñ\§Ïd/¤��Ì��ä"êÆL«

�µ

ht = σh(Whxt +Uhht−1 +bh)

yt = σy(Wyht +by)

h

x

y

h1

x1

y1

h2

x2

y2

h3

x3

y2

h4

x4

y4

h5

x5

y5

h6

x6

y6

h7

x7

y7

Fig. 1.28 ²;RNN�äã�"þã´�äë�(�§eã´ò48ë�U�mÐm���

d(�"

Elman RNN�Ôö�æ^DÚBP�{§�ØLI���NUÄ"Xã

1.28¤«§XJòRNN�48(���m¶Ã�Ðm§�±uy§�du�

�Ã������ä"Äuù��d�ä§·��±òz����ýÿØ�

&Ò÷�m¶��£D§éRNN¥�ëê?1?�"ù�÷�mBP��{�

�¡�BP Through Time£BPTT¤ [114, 112]"nØþ5`§?Û�����

ýÿØ�Ñ¬£D�¤k®²²{L�G�§,§3¢S¥§·���Ø
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¬4BPTT�ÄL@�G�"ù´Ï��X�mO�§&Òm��'5Cf§

��?�G�Ø¬é�cýÿ�)wÍK�¶,��¡§BPTT£DÚ½�

õ§FÝu)�¿½����U5�� [10]§Ôö�(J§=¦Ø���§

RNN�éJÆ������'5"ù«Truncated BPTTXã 1.29¤«"

h1

x1

y1

h2

x2

y2

h3

x3

y3

h4

x4

y4

h5

x5

y5

h6

x6

y6

h7

x7

y7

t5 t7

Fig. 1.29 Truncated BPTT"3��n§�äÑÑ�yn§éA�IP�tn§dd�)�Ø� 

cDÂ"DÂ�·���DÂ�Ý�3"

Elman�äéN´*Ð�Ù§�E,��."ã 1.30�Ñ
A«RNN�

*Ð(�"3ù
(�¥§V�RNNØ=�ÄL�{¤§��Ä�5A�§

ÏdÏ~¬�5�Ð�ï�Uå"Cc5§��RNN��2�A^"��

�RNN�'§��RNNk�r�A�ÆSUå"¯¢þ§3Ä�A�þÆ

S�S�65§  '3�©A�þÆS�k�"ù¯¢þJø
�«ò

A�ÆSÚ�SÆS(Ü3�å�k��ª§É�2�À"XzÝúi

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

48���ÝRNN�ä [4]"

1.4.2 ������äää

c¡¤ã�RNN�.�3��wÍ"�µ§�,äk�½PÁUå§

�Ï�Ôöþ�(J [10]§�UÆS�á��S'X"Gers�3Ø©¥J

�§IORNN���UÆ�5-10����S��ª [34]"ïÄöJÑ
�«

)û�Y§�)�mò´�ä [64]§Ú\�m~êéÛõ�(:�ÑÑ?

1²w [75]§|^Ø���m~ê±ÆSØÓºÝ�(� [75]§Ú\k�

ùÈÅìéÛõ�(:ÑÑ?1²w [86]"ù
�{Ñå��½�J§�

��1997cHochreiter�<JÑ��ä£Gate Network¤§âý��Ð/)û


RNN���ÆS¯K"
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x1

y1

x2

y2

x3

y3

x1

y1

x2

y2

x3

y3

x1

y1

x2

y2

x3

y3

x1

y1

x2

y2

x3

y3

(a) (b)

(c) (d)

Fig. 1.30 A«RNN*Ð(�"(a)V�RNN¶(b)��RNN¶(c)��RNN�¹�m48ë�¶

(d)��RNN�¹ª�48ë�"

Hochreiter�<JÑ���ä¡�Long short-term Memory £LSTM¤�

ä§�á�PÁü��ä§Xã 1.31¤«"ÚIORNNØÓ�´§LSTM�

äòÛõ(:O�¤���E,�PÁü�£LSTM¤"ù
ü���äkP

ÁõU§ÏdØ2I��Sþ�wª�48ë�"ù�(�2�g`²48

�äÚPÁ�ä��þäk�~r��q5"

��LSTMü�(�Xã 1.32¤«"ù�(��)n��6Ñ\x��(

�§©O´Ñ\�§¢#�ÚÑÑ�"ù
�(�^5��&E�PÁ!�

#ÚÑÑ"äN5`§Ñ\����cÑ\´Äv
����PÁ¶¢#

���é�cPÁü�SN��#§=��cÑ\§PÁü�AT4Ñõ�
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Fig. 1.31 LSTM�ä"Ñ\(:^SÑ\�mS�§ÑÑ(:^S?1Sÿ"Ûõ��z

�(:O�¤��LSTMü�§Tü���äkPÁõU§ÏdØI����Sþ�48

ë�"

�#�&E¶ÑÑ���3�cÑ\�¹e§´ÄATéPÁSN?1Ñ

Ñ"

�it , ft ,ot©O�Lùn��§ct�LT���PÁü�§ht�L�äÑ

Ñ§KTLSTMü��Ä�5��¤Xeúªµ

it = σ(W(i)xt +U(i)ht−1) (1.26)

ft = σ(W( f )xt +U( f )ht−1) (1.27)

ot = σ(W(o)xt +U(o)ht−1) (1.28)

c̃t = tanh(W(c)xt +U(c)ht−1) (1.29)

ct = ft ◦ ct−1 + it ◦ c̃t (1.30)

ht = ot ◦ tanh(ct) (1.31)

l�*þ§LSTMÏLÚ\�(�§�±��PÁ&E�ØÓ�¸£Ñ

\¤UC�Ä�5§l�«©�&EÚ��&E§?1kÀJ�P

ÁÚ¢#"ù«:PÁ�{k|uPÁ�����ª",��¡§3P

Á(�¥�&E¯¢þ�±
éL�{¤&E� K§ù�du3�cG�

Ú{¤G��mÚ\
�^�ë>£shortcut path¤§ù
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Fig. 1.32 LSTMü�"
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zt = σ(W(z)xt +U(z)ht−1) (1.32)

rt = σ(W(r)xt +U(r)ht−1) (1.33)

ht = (1− zt)◦ht−1 + zt ◦ tanh(W (h)xt +U (h)(rt ◦ht−1)+b(h)) (1.34)

Fig. 1.33 LSTMÚGRUé'"
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αti =
exp(eti)

∑
Tx
k=1 exp(etk)

eti = g(zt−1,h j)
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