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SVM Ä��n


å

1963 c, Vapnik 3)û�ª£O¯K�JÑ
|±�þ�{, ù«�
{lÔö8¥ÀJ�|A�f8, ¦�éA�f8�y©�dué�
�êâ8�y©, ù|A�f8Ò�¡�|±�
þ(Support Vector , SV )"

1971 c, Kimeldorf JÑ¦^�5Ø��å­#�ESV�Ø�m, )
û
�Ü©�5Ø�©¯K"

1990 c, Grace, Boser Ú Vapnik �<m©é|±�þÅ?1ïÄ"

1995 c, Cortes Ú Vapnik u335Machine Leranming6Ïrþ
� /Support−vector networks0�©I�X SVM �.�)"

SVM ÚuïÄ9�, ��8c, 3Google Scholarþk�2,210,000^
'uSupport Vector Machine(J"
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SVM Ä��n

�5©aì

3ÅìÆSÚÚO+�, ©a´�Äu�á59®�aOI\��
�, Ôö��©aì, ¢yé#��aO�ýÿ"

�Äü©a¯K, � x ∈ Rd L«êâ:, w ∈ Rd L«Xê�

þ, b ∈ RL«�å�, y ∈ {±1} L«ü�ØÓ�aO"
�5©aì´�3 d ��m¥��²¡, Ù�§L«
�wTx+b = 0, TU©�müaêâ"

Xeã¤«§=��²¡´�`��º
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SVM Ä��n

��m�

�{(xi ,yi ), i = 1, · · · ,n, xi ∈ Rd , yi ∈
{±1}}, Ïé�`��5©a¼ê
f (x) = wTx+b ¦�üa��:©Ød�²
¡üý"� f (x) < 0 �:éA
� y =−1 § 
 f (x) > 0 �: éA y = 1"
Ôöêâ÷vyi · f (xi) > 1, i = 1, · · · ,n"
#���aOýÿ�sgn(f (x))"

�¼m�: y · f (x) ����(©a��=�y · f (x) > 0

AÛm�: 2
‖w‖ �²¡f (x) =±1�m�m�

max
w, b

2

‖w ‖
s.t. yi · (wTxi +b) > 1, i = 1, · · · ,n.

(1)
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SVM Ä��n

éó¯K

min
w, b

1

2
‖w ‖2

s.t. yi · (wTxi +b) > 1, i = 1, · · · ,n.
(1*)

ù´�g5y¯K, áà`z¯K"ÙLagrangeéó¼ê�

L(w,b,α) =
1

2
‖w ‖2 −

n

∑
i=1

αi (yi · (wTxi +b)−1)

déónØ9 KKT ^�§�éó¯K(Dual Problem)�

max
α

n

∑
i=1

αi −
1

2

n

∑
i=1

n

∑
j=1

αiαjyiyjx
T
i xj

s.t.
n

∑
i=1

αiyi = 0; αi > 0, i = 1, · · · ,n.
(2)
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SVM Ä��n

KKT ^�9)�5�

éLagrange¼êL(w,b,α)�?nL§¥, ��KKT^�:

∂L(w,b,α)

∂w
= w−

n

∑
i=1

αiyixi = 0 =⇒w =
n

∑
i=1

αiyixi (L«½n)

∂L(w,b,α)

∂b
=−

n

∑
i=1

αiyi = 0 =⇒
n

∑
i=1

αiyi = 0

pÖtµ^�: αi (yi · (wTxi +b)−1) = 0, i = 1, · · · ,n.
|±�þ: {i : αi > 0} ���:, um�(Margin)þ

DÕ5: =�6�Ü©|±�þ���:

°�5: é�|±�þ���:Ø¯a

�zUår: 4�z©a>.�m�

ÜnI(¥I�Æ��Æ) sgzhang@ucas.ac.cn () |±�þÅ��ÝÆS January 9, 2015 7 / 85



SVM *Ð

êâ¥�3D(

Figure: êâ¥�3l+:��¹ Figure: Ú\tµÏf
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SVM *Ð

tµE|

�êâ¥K�XDÑ�, #N·Ý�tµ ξi > 0, ¯KC�

min
w, b, ξ

1

2
‖w ‖22 + C

n

∑
i=1

ξi

s.t. yi · (wTxi +b) > 1−ξi ; ξi > 0, i = 1, · · · ,n.
(3)

C ´²ïm���ÚtµÏf�ëê"ÙLagrangeéó¼ê�:

L(w,b,α,β) =
1

2
‖w ‖2 −

n

∑
i=1

αi (yi · (wTxi +b)−1 + ξi )−
n

∑
i=1

βiξi

Ùéó¯K�:

max
α

n

∑
i=1

αi −
1

2

n

∑
i=1

n

∑
j=1

αiαjyiyjx
T
i xj

s.t.
n

∑
i=1

αiyi = 0; 0 6 αi 6 C , i = 1, · · · ,n.
(4)
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SVM *Ð

KKT ^�9)�5�

éLagrange¼êL(w,b,α)�?nL§Ó���KKT^�:

w =
n

∑
i=1

αiyixi ,
n

∑
i=1

αiyi = 0 , αi + βi = C

pÖtµ^�:

αi (yi · (wTxi +b)−1 + ξi ) = 0 , βiξi = 0, i = 1, · · · ,n.

αi = 0 �, βi = C , ξi = 0, yi · (wTxi +b) > 1
m�	, ©a�(, Ãtµ

0 < αi < C �, βi = C −αi > 0, ξi = 0, yi · (wTxi +b) = 1
m�þ, ©a�(, |±�þ(SV ), Ãtµ

αi = C �, βi = 0, ξi > 0, yi · (wTxi +b) = 1−ξi 6 1
m�S, ©a�U¬Ñ�, |±�þ(SV ), �Uktµ
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SVM *Ð

ØE| (1)

3�����|Ü, êâ:¥yÑ��5A��, �5©aì¡����]
Ô"~X:

��5Ø�©�, SVM ÏL,ýkÀJ���5N� φ òêâN��,�

p�A��m, 3ù��m¥�E�`©a�²¡"
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SVM *Ð

ØE| (2)

� φ : X→ F ´lÑ\�m X �,�A��m F �N�, ïá��5ÆS
ì©�üÚµ

1 ¦^����5N� φ òêâC����A��m F ;

2 3A��mÆS���5©aì f (x) = wTφ(x) +b "

Ùéó¯K/ª�

max
α

n

∑
i=1

αi −
1

2

n

∑
i=1

n

∑
j=1

αiαjyiyjφ(xi )
T

φ(xj)

s.t.
n

∑
i=1

αiyi = 0; 0 6 αi 6 C , i = 1, · · · ,n.
(5)

�âéó¯K�L«½n��: f (x) =
n
∑
i=1

αiyiφ(xi)
Tφ(x) +b"

φ ¼ê�Ú\, ¦��¯K��6uSÈ φ(u)Tφ(v), =�)��`
) (w,b)"¡ κ(u,v) = φ(u)Tφ(v) �Ø¼ê"
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SVM *Ð

ØE| (3)

3¢SA^¥§  �6k�+��£âUÀJk��Ø¼ê"~^�Ø

¼êk

�5Ø¼ê: κ(u,v) = uT v

õ�ªØ¼ê: κ(u,v) = (uT v + γ)d

pdØ¼ê: κ(u,v) = exp
{
− ‖u−v‖

2

2σ2

}
SigmoidØ¼ê: κ(u,v) = tanh(γuT v +c); tanh(x) = ex−e−x

ex+e−x

51: G = (κ(xi ,xj))n×n � κ � Gram Ý
, K G ���½Ý
"
52: �ÏL��½Ý
B5�EØ¼ê"
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SVM *Ð

Ú�µe

ü©a|±�þÅ��Kz(Regularization)µe

min
f ∈F

1

n

n

∑
i=1

L (yi , f (xi )) + λJ(f ) (∗)

�F�ÿÀ¼êx, L(y , f )���¼ê, J(f )��K�, λ�N�ëê"1

�Ü©�²þÔöØ�, �x�.°Ý; 1�Ü©��K�, é�.E,Ý
�\¨v, ;��.L[Ü"ëêλ^±²ï�ö"

²;��tµÏf�SVM`z¯K (3) �L�

min
f ∈F

1

2
‖ w ‖22 +C

n

∑
i=1

[1−yi · f (xi )]+

L(y , f ) = [1−y · f ]+ , max(0,1−y · f ), J(f ) =‖w ‖22, C = 1
2nλ
"
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SVM *Ð

��¼ê

~����¼êk

0−1 loss : L(y , f ) = I{y 6= f }

hinge loss : L(y , f ) = [1−y · f ]+

square hinge loss : L(y , f ) = [1−y · f ]2+

log loss : L(y , f ) = log[1 + exp(−y · f )]

exponential loss : L(y , f ) = exp(−y · f )

LUM loss(Liu et.al 2012) : a> 0, c > 0

L(y , f ) =

1−y · f y · f < c
1+c ,

1
1+c

(
a

(1+c)y ·f−c+a

)a
y · f > c

1+c .

·��E 0−1 ��¼ê�àO�¼ê, ¦¯K/àz0, �´¦)"
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SVM *Ð

¨v¼ê

~��¨v¼êk

square penlty : J(f ) =‖w ‖22=
d
∑
i=1

w2
i

1−norm penlaty : J(f ) =‖w ‖1=
d
∑
i=1
|wi |

Lq penalty : J(f ) =‖w ‖1=
d
∑
i=1
|wi |q , q > 0

elastic net penalty : J(f ) = λ1 ‖w ‖1 +λ2 ‖w ‖22, λ1, λ2 > 0

SCAD penalty :

SCADλ (θ) =


λ |θ | |θ |< λ ,

− |θ |
2−2aλ |θ |+λ 2

2(a−1) λ < |θ |6 λ ,

(a+1)λ 2

2 |θ |> λ .

J(f ) =
d

∑
i=1

SCADλj
(wj )
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SVM *Ð

L1 SVM

3¯K(3)¥, ^ L1 ¨v�O�5� L2 ¨v

L1 ¨v��u¼�DÕ), ·^up�¯K

L1 SVM �äN¯K/ª�

min
w, b, ξ

‖w ‖1 + C
n

∑
i=1

ξi

s.t. yi · (wTxi +b) > 1−ξi , i = 1, · · · ,n;

ξi > 0, i = 1, · · · ,n.

(6)

�`) w �õk d ��""
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SVM *Ð

°�|±�þÅ

Robust Support Vector Machine, Wu and Liu, 2007

hinge loss ´Ã.�; éÉ~�¯a(~X: �©���)

|±�þ: yi · (wT xi +b) 6 1

�©��: yi · (wT xi +b) 6 0

�Ø@
/�0� SV :�K�

#���¼ê: �ä hinge loss

ls(y , f ) =


1− s y · f < s,

1−y · f s 6 y · f < 1,

0 y · f > 1.

s 6 0��äëê"
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SVM *Ð

g·A\�|±�þÅ

Adaptively Weighted Support Vector Machine, Wu and Liu, 2013

�Ôö��:��­�g� vi > 0, i = 1, · · · , n
�C(�l)©a>.���:�­�(�)

�l©a>.���:��­�

·�À��­�o�°�5

¯K/ª�

min
w, b, ξ

1

2
‖w ‖22 + C

n

∑
i=1

vi ξi

s.t. yi · (wTxi +b) > 1−ξi , i = 1, · · · ,n;

ξi > 0, i = 1, · · · ,n.

(7)
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SVM *Ð

�d¯a|±�þÅ

Cost−Sensitive Support Vector Machines

éüaa��:��©�d�3�É, ���AWSVM�A~

�A^u�²ïêâ?n

¯K/ª�

min
w, b, ξ

1

2
‖w ‖22 + C+

n

∑
i : yi=1

ξi +C−
n

∑
i : yi=−1

ξi

s.t. yi · (wTxi +b) > 1−ξi , i = 1, · · · ,n;

ξi > 0, i = 1, · · · ,n.

(8)

C+, C−©O��Küa����©�d"
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SVM í2

k (k > 3) ©a¯K

=z�õ��©aì(Multiple Binary)

�é{ (One Versus Rest)
ò1 i aÀ��a, Ù¦aÀ�Ka, ���©aì fi , �ª�� k �
�©aì"#�� x ²L�Ü©aì�, e�k�� +1 Ñy, K
�ä��AaO; eÑÑØ��� +1, ½övk��ÑÑ� +1§K
'� fi (x), i = 1, · · · ,n, ��öéAaO��#���aO"
�é� (One Versus One)
À�©áaO i , j(i < j) ���Ôö���©aì fij , �ª�

� k(k−1)
2 ��©aì"#�� x ²L�Ü©aì, z�© aì�Ù

/Ýþ�¦0, ��ÑÑ��¦�p�aO"

Ó� k ©aì(All together)
�E�þ¼ê f(x) = (f1(x), · · · , fk(x)) ��Ó� k ©aì"é#�
� x aO�ýÿ� ŷ = argmax

j=1,··· ,k
fj(x)"
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SVM í2

�Kµe

min
f∈F

1

n

n

∑
i=1

L (f(xi ), yi ) + λJ(f) (∗∗)

� F �ÿÀ¼êx, L ���¼ê, J(f) ��K�, λ �N�ëê"��Ø

P{Úü�, Ï~é¼ê f \±�å∑
k
j=1 fj(x) = 0"

~^��¼êk

Naive hinge loss : [1− fy (x)]+

Vapnik , 1998 : ∑j 6=y [1− (fy (x)− fj(x))]+

Crammer et al ., 2001 : [1−minj(fy (x)− fj(x))]+

Lee et al ., 2004 : ∑j 6=y [1 + fj(x)]+

Liu et al ., 2011:

γ[(k−1)− fy (x)]+ + (1− γ) ∑
j 6=y

[1 + fj(x)]+, γ ∈ [0,1]
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SVM í2

Orõ©a|±�þÅ

Reinforced Multicategory Support Vector Machine, Liu and Yuan(2011)

¯K/ª�

min
f∈F

1

n

n

∑
i=1

l (f(xi ), yi ) + λJ(f)

s.t.
k

∑
j=1

fj(x) = 0.

(9)

��: γ[(k−1)− fy (x)]+ + (1− γ)∑j 6=y [1 + fj(x)]+, γ ∈ [0,1]

/VØ°Ä0

1�Ü©rz fj(x) = k−1, j = y
1�Ü©rz fj(x) =−1, j 6= y

üÜ©·�\�²ï, �¡J,
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SVM í2

Äu�Ý�õ©a|±�þÅ

Angle−
based Multicategory Support Vector Machine, Zhang and Liu(2014)

�E Rk−1 þ¥%3�:�� k ¡N, k �º:��:ål�1

ò�� (xi , yi ) U¤áaON��º:�þWyi , i = 1, · · · , n
±SÈ < fy (x),Wy > L��¼m�(functional margin)

�å
k
∑
j=1

< fj(x),Wj >= 0 g,¤á

¯K/ª�

min
f∈F

1

n

n

∑
i=1

l (< f(xi ), Wyi >) + λJ(f) (10)

�©a|±�þÅ�À�ÙA~
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SVM í2

Äu�Ý�õ©a¯Kã)
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SVM O�

O�¢y

LibSVM (C++):

R(e1071 package):

SVMLight(C)

Matlab SVM toolbox

Torch (C++)

Weka (Java)
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SVM O�

o(

SVM ´�«~^��ª©a�{, A^��2

��m��g�

?n��5¯K�ØE|

N� SVM �KµeU?�{

SVM �±Aé�êâ�]Ô
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DL �µ0�

Deep Learning

2012c6�§5Ý���62³
Google Brain�8§áÚ
ú¯�2�
'5"ù��8dd"4�Æ�ÇAndrew NgÚ­.ºk;[Jeff
Dean�ÓÌ�§^16000�CPU Core�¿1O�²�Ôö�«¡�/�
Ý ²�ä0(Deep Neural Networks)�ÅìÆS�.,SÜ�k10·�
!:,3�Ñ£OÚã�£O�+�¼�
ã��¤õ"
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DL �µ0�

2012c11�§�^3¥IU9��g¹Äþúmü«
���gÄ�Ó
(DÈXÚ"�¡| �'�Eâ�´DNN"

2013c1�§zÝc¬þ§CEOo�÷\Ù�¤ázÝïÄ�§Ù¥1
��¤á�Ò´/�ÝÆSïÄ¤0£IDL§Institue of Deep
Learning¤"
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DL �µ0�

DÚ�Machine Learning

Machine LearningÄ�L§µ

����Ü©´ÅìÆS�Ü©

¥mnÜ©§V)å5Ò´A�L�(�¢S¥��Ñ´�<óJ
�A�)

Deep Learning��Ò´Ø�<ë�A��À�L§
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DL �µ0�

Neural Network�uÐ

fff���ÆÆÆSSSLLL���))20­V80c�"Ï§^u<ó ²�ä���D
Â�{(Back Propagation�{)§iå
ÄuÚO�.�ÅìÆS9
�"
20­V90c�§�«���f�ÅìÆS�.�U�JÑ§~X|
 �þÅ(SVM)!Boosting! ����{�"

���ÝÝÝÆÆÆSSSLLL���))2006c§\<�õÔõ�Æ�ÇGeoffrey
HintonÚ¦�Æ)35Sciences6þuL
��©Ù§mé
�Ý
ÆS3Æâ.Úó�.�L�"
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DL �µ0�

Deep Learning

ïá!�[<M?1©ÛÆS� ²�ä§§��<M�Å�5)
ºêâ§~Xã�§(ÑÚ©�"

f�(��{Û�53uk���ÚO�ü��¹eéE,¼ê�
L«Uåk�§�éE,©a¯KÙ�zUåÉ��½��"

�ÝÆSÏLÆS�«����5�ä(�§¢yE,¼ê%C§
L�Ñ\êâ©ÙªL«§¿Ðy
l�ê��8¥ÆSêâ8�
�A��Uå"
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DL <MÀúÅn

<MÀúÅn

1981 c�ì���Æø§�u�
David HubelÚTorsten Wiesel±
9 Roger Sperry"cü �Ì��z´uy
ÀúXÚ�&E?
nµ�À��´©?�"

David HubelÚTorsten Wiesel uy
�«�¡�/��ÀJ5[
�(Orientation Selective Cell)0 � ²�[�"�Ò�uy
úc
�ÔN�>�§
�ù�>���,����§ù« ²�[�Ò
¬¹�"

 ²-¥Í-�M�ó�L§§½N´��ØäS�!ØäÄ��L
§"
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l�©&Ò�\m©£Ò��\��Pixels¤

�X�ÐÚ?n£�M��,
[�uy>�Ú��¤

,�Ä�£�M�½§úc�ÔN�/G¤

,�?�ÚÄ�£�M?�Ú�½TÔN´X�ò¤

'�3uÄ�ÚS�"l�©&Òm©§�$?Ä�§Åì�p?
Ä�S�"

l$��p��A�L«�5�Ä�§�5�ULy�Â½ö¿
ã"Ä��¡�p§�3��UßÿÒ��"

ÜnI(¥I�Æ��Æ) sgzhang@ucas.ac.cn () |±�þÅ��ÝÆS January 9, 2015 36 / 85



DL Deep LearningÄ��n

Deep LearningÄ��n

|Ü$�A�/¤�\Ä��p�L«á5§±uyêâ�©Ùª
A�L«

æUõ��§¢yéÑ\&E?1©?L�
"

/�Ý�.0´Ãã§/A�ÆS0´8�"
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Deep LearningÔöL§

geþ,�iÒÆS£feature learningL§¤: ù�Ú�±w�´�
�ÃiÒÔöL§§«OuDÚ ²�äÐ��ÅÐ©z

gº�e�iÒÆS£fine-tune¤:
ù�Ú´3c¡ÆS¼���ëê?�Ä:þ§3�º�?è�V
\��©aì§
�ÏL�I\êâ�iÒÆS§|^FÝeü{
��N���äëê"
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Deep Learning�BP ²�ä«O

�ö��Ó3uDeep Learningæ^
 ²�ä�q�©�(�§X
Úd�)Ñ\�!Û�£õ�¤!ÑÑ�|¤�õ��ä§�k�
��!:�mkë�§Ó��±9ª�!:�m�pÃë�¶ù«
©�(��C<a�M�(�"

ØÓ3uBP ²�äæ^æ^S���{5Ôö���ä§�Å
�½Ð�§O��c�ä�ÑÑ§,��â�cÑÑÚlabel�m�
��UCc¡���ëê§��Âñ£�N´��FÝeü{¤"

Deep Learning �Nþ´��layer-wise£©�O�¤�ÔöÅ
�"
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BP�{�3�¯K

FÝ�Ñ¯K£Gradient Diffusion¤µ�ê�õ�§D�c¡��
Ø���&Ò�5��¶

ÛÜ4�¯K:Âñ�ÛÜ���µcÙ´l�l�`«�m©�
�ÿ£�Å�Ð©z¬��ù«�¹�u)¤¶

���U^kI\�êâ5Ôö§��Ü©�êâ´vI\�¶
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Deep Learning�`³

õÛ��<ó ²�ääk`É�A�ÆSUå§ÆS���A�
éêâk���x§éÑ\&E?1©?L�§k|u�Àz½©
a¶

�Ý ²�ä3Ôöþ�JÝ§�±ÏL/Å�Ð©z0
£layer-wise pre-training¤5k��Ñ§Å�Ð©z´ÏLÃiÒÆ
S¢y�"
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Sparse Auto-Encoder
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Auto-Encoder´�«ÃiÒÆS�{§§¦^
BPDÂ�{§48
I��uÑ\� hW ,b(x)≈ x"

3Ûõ�\Sparsity���5uyÑ\êâ¥�(�"

Ú\Sparsityëêρ = 0.05§¦�

p̂j =
1

N

N

∑
n=1

[aj (xn)]≈ ρ

Ù¥p̂jÛ¹�!:�²þ-¹Ý§ajÛ¹1j�!:�-¹Ý

äN¢y´3�Auto-Encoder BP�{¥O\¨v�

Esparse(W ,b) = E (W ,b) + β ·
J

∑
j=1

KL(ρ‖ρ̂j)

Ù¥
J

∑
j=1

KL(ρ‖ρ̂j) =
J

∑
j=1

ρ log
ρ

ρ̂j
+ (1−ρ) log

1−ρ

1− ρ̂j
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Stacked Auto-Encoder

^�©Ñ\êâ��Ñ\§|^sparse autoencoder�{ÔöÑ1�
�Û¹�(���äëê§���©Ñ\���A�L«h(1)(k)
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rþ���ÑÑ��e��Ñ\§2|^sparse autoencoder�{Ô
öÑ1��Û¹��ä�ëê§ÆS��A�h(2)(k)
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ò�!A���õ©aìsoftmax�Ñ\§|^�©êâ�I\5
ÔöÑsoftmax©aì��äëê§�ï���¹ü�Ûõ�Ú�
��ªsoftmax©aì��Stacked Auto-Encoder�ä
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O�¹dStacked Auto-Encoder����ä���¼ê§±9��
�äéz�ëê� �¼ê�

ÜnI(¥I�Æ��Æ) sgzhang@ucas.ac.cn () |±�þÅ��ÝÆS January 9, 2015 48 / 85



DL A«;.�Deep Neural Network

N^IO�BP�{é�ä��?1Fine turning
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A^Þ~£Benchmarks¤
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ÿÁØ�'�
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Restricted Boltzmann Machine, RBM

É�À�[ùÅ({¡RBM)´dHintonÚSejnowskiu1986cJÑ�
�«)¤ª�Å ²�ä(generative stochastic neural network)

RBM d�
visible units(=êâ��)Ú�
hidden units�
¤§visible unitsÚhidden unitsÑ´��Cþ§=ÙG��{0,1}
���ä´���Üã§�kvisible unitsÚhidden units�mâ¬�
3>§visible units �m±9hidden units�mÑØ¬k>ë�
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þã¤«�RBM¹k9�visible units (�¤���þv)Ú3�hidden units
(�¤���þh)§W´��9×3�Ý
§L«visible unitsÚhidden
units�m�>��­"
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RBM�ÆS8I-4�zq,(Maximizing likelihood)

RBM´�«ÄuUþ(Energy-based)��.§Ù��CþvÚÛõC
þh�éÜ��(joint configuration)�Uþ�µ

E (v ,h;θ) =−∑
ij

Wijvihj −∑
i

bivi −∑
j

ajhj

Ù¥θ´RBM�ëê{W ,a,b}, W�visible unitsÚhidden units�m�>
��­§bÚa©O�visible units Úhidden units� �(bias)"
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k
vÚh�éÜ���Uþ��§�±��vÚh�éÜq,:

Pθ (v ,h) =
1

Z (θ)
exp(−E (v ,h;θ)) =

1

Z (θ) ∏
ij

eWijvihj ∏
i

ebivi ∏
j

eajhj

Z (θ) = ∑
h,v

exp(−E (v ,h;θ))

Ù¥Z (θ)´8�zÏf§�¡��©¼ê(partition function)"
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Ý
L�:

Pθ (V ,H) =
1

Z (θ)
exp(V TWH +aTH +bTV )

*ÿêâ�q,¼êP(v)§P(v)�déÜq,P(v ,h)éh¦>�©Ù�
�:

Pθ (v) =
1

Z (θ) ∑
h

exp[vTWh+aTh+bT v ]

4�zP(v)§��Óu4�zéê*ÿq,L(θ) = log(P(v))§5�
�RBM�ëê"

L(θ) =
1

N

N

∑
n=1

logPθ (v (n))
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ÏL�ÅFÝeü(stochastic gradient descent)54�zL(θ)§ÄkI�
¦L(θ)éW��ê:

∂L(θ)

∂Wij
=

1

N

N

∑
n=1

∂

∂Wij
log

(
∑
h

exp[v (n)TWh+aTh+bT v (n)]

)

− ∂

∂Wij
logZ (θ)

z{� = EPdata
[vihj ]−EPθ

[vihj ] = EPdata
[vihj ]−∑

v ,h

vihjPθ (v ,h)

þªc��'�ÐO�§�I�¦vihj3�Üêâ8þ�²þ�=�"

�ö�9�v§h��Ü2|v |+|h| «|Ü§O�þ�~�§�dHintonJ
Ñ
Contrastive Divergence�ÆS�{(��þ´�«MCMC�{)"
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RBM�ÆS�{-CD(Contrastive Divergence§é'Ñ�)

Äk�âêâv5��h�G�§,�ÏLh5­�(Reconstruct)���
þv1§,�2�âv15)¤#�Ûõ�þh1(GibbsÄ�)"Ï�RBM �
AÏ(�(�SÃë�§�mkë�)§ ¤±3�½v�§��Ûõü
�hj�-¹G��m´�pÕá�§��§3�½h �§����ü�
�-¹G�vi�´�pÕá�§���µ

ÜnI(¥I�Æ��Æ) sgzhang@ucas.ac.cn () |±�þÅ��ÝÆS January 9, 2015 58 / 85



DL A«;.�Deep Neural Network

Ä�©Ù:

P(h|v) = ∏
j

P(hjv)P(hj = 1|v) =
1

1 + exp(−∑i Wijvi −aj)

P(v |h) = ∏
i

P(vih)P(vi = 1|h) =
1

1 + exp(−∑j Wijhj −bi )

­�����þv1ÚÛõ�þh1Ò´éP(v ,h)��gÄ�§õgÄ��
����8Ü�±w�´éP(v ,h)��«Cq§¦�þ�O�C��
1"
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RBM��­�ÆS�{
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A^Þ~(MNIST:2-layer BM)
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�&Ý�ä(Deep Belief Networks)

Deep Belief Networks´3�C�À��Ü©¦^��d&g�ä£=k
�ã�.¤§
3��l�À��Ü©¦^Restricted Boltzmann
Machine��."
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P(h2,h3) =
1

Z (W 3)
exp
[
h2TW 3h3

]
P(h1|h2) = ∏

j

P(h1j |h2) P(h1j = 1|h2) =
1

1 + exp
(
−∑k W

2
jkh

2
k

)
P(v |h1) = ∏

i

P(vi |h1) P(vi = 1|h1) =
1

1 + exp
(
−∑j W

1
ij h

1
j

)
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DBNÔöL§

1.ge
þ�ýÔöL§

1 �À�Ú1��Ûõ��m?13Ùdæ�§��31��Ûõ�
���À����L�¶

2 �½�À��1��Ûõ��m�ëê§=θ = {W ,a,b}¶
3 ò1��Ûõ����À��1��Ûõ�?1ÃiÒÆS§±d
aí������Ûõ�§��
�c���m�ëêL"
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2.gþ
e��NL§

1 Ð©z©a�£����Ûõ���©a��Ñ\�§©a(J�
�©a�ÑÑ¤�ëêL¶

2 òêâl�À�²Lz��Ûõ��ëêD4�����Ûõ�§
3����Ûõ��©a�ëêLO�§)È�c��ëêL§Ï
LFÝeü�{é¤këê?1�N£¤këê´�)¤kÛõ�
�m�ëê¤"
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A^Þ~£�Ñ£O¤
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Convolutional Neural Network

òÈ ²�ä´<ó ²�ä��«§®¤��c�Ñ©ÛÚã�
£O+��ïÄ9:

1962cHubelÚWieselÏLécÀú��[��ïÄ§JÑ
aÉ
�(receptive field)�Vg

1984cF�ÆöFukushimaÄuaÉ�VgJÑ� ²@�
Å(neocognitron)�±w�´òÈ ²�ä�1��¢y�ä§�´
aÉ�Vg3<ó ²�ä+��ÄgA^

CNN�£O��/G
AÏ�O���õ�a�ì

z�dõ���²¡|¤§
z�²¡dõ�Õá ²�|¤

é²£!'~ �!��½öÙ¦/ª�C/äkpÝØC5
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²;�LeNet5(�ã
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zÑ\�Ü32×32���ã¡§ÒÑÑ��84���þ§ù��þ
=·�J�Ñ�A��þ

�ä�C1�´d6Ü28×28���A�ã�¤§Ù5
´·�
^6�5×5���patché32×32���Ñ\ã?1convolution�
�§28 = 32−5 + 1§Ù¥zg£ÄÚx�1 ���

é2×2���?1pooling§S2�C¤
6Ü14×14���A�ã

C3��´��òÈ�§Ó�ÏL16�5×5���patch�òÈ
�S2§���k10×10���A�

é2×2���?1pooling§S4�C¤
16Ü5×5���A�ã

C��A�J��£òÈ�¤§z� ²��Ñ\�c���ÛÜ
aÉ��ë§¿J�TÛÜ�A�¶S�´A�N��£æ�
�¤§�ä�z�O��dõ�A�N�|¤§z�A�N���
�²¡§²¡þ¤k ²������
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ÛÜaÉ�Ú����

ÏLaÉ�Ú����~�
 ²�äI�Ôö�ëê��ê

3�ä�Ñ\´õ�ã��Ly���²w§¦ã��±����
�ä�Ñ\§;�
DÚ£O�{¥E,�A�J�Úêâ­ïL
§
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ã¥k1000×1000���ã�§k1z��Û� ²�§�ë��
{§Òk1012 ���ëê

bXÛÜaÉ�´10×10§Û�z�aÉ��I�Úù10×10�Û
Üã��ë�§¤±�I�108 �ë�£ëê¤

z�� ²��3100�ë���ëê§XJz� ²��ù
ë
ê´�Ó�§�Ò´`z� ²�^�´Ó��òÈØ�òÈã
�§ù�ü�m�ë��k100 �ëê
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b��«filterJ�ã���«A�§k100«filters§z«filter�ë
êØ��§�òÈã�Ò��éã��ØÓA���N§¡�
�Feature Map§100�Feature Map|¤
�� ²�
k100×100 = 10000�ëê§�ãmµØÓ�ôÚL�ØÓ�ÈÅ
ì
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CNNÔöL§

òòòÈÈÈLLL§§§µµµ^���Ôö�ÈÅìfx�òÈ��Ñ\�ã�£1�
�ã´Ñ\�ã�§�¡��ãÒ´Feature Map 
¤§,�\�
� �bx§��òÈ�Cx"

eeeæææ���LLL§§§µµµz��n���ÏLpoolingÚ½C�����§,�
ÏLIþWx+1\�§2O\ �bx+1§,�ÏL��sigmoid-¹
¼ê§�)���V �n ��A�N�ãSx+1"
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òÈ�c�

x lj = f

(
∑
i∈Mj

x l−1i ∗k lij +blj

)
Ù¥§Mj´Ñ\map�8Ü§òÈchannel¶k lij´òÈØ§�=´��"

æ��c�

x lj = f
(

β
l
j down

(
x l−1j

)
+blj

)
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òÈ���

δ
l
j = β

l+1
j

(
f ′(ulj )◦up(δ

l+1
j )

)
æ����

δ
l
j = f ′(ulj )◦ conv2

(
δ
l+1
j , rot180(k l+1

j ),′ full ′
)

òÈ���

∂E

∂K l
ij

= rot180
(
conv2(x l−1i , rot180(δ

l
j ),′ valid ′)

)
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CNN�`:

;�
wªA�Ä�§Ûª/lÔöêâ¥?1ÆS¶

Ó�A�N�¡þ� ²����Ó§l
�ä�±¿1ÆS§ü
$
�ä�E,5¶

æ^�m½ö�m�fæ�(�§�±¼�,«§Ý� £!º
Ý!/C°�5¶

Ñ\&EÚ�äÿÀ(�UéÐ�¬Ü§3�Ñ£OÚã�?n�
¡kXÕA`³"
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3ã�£Oþ�A^

¢�3Caltech 256êâ8þ§|^üA�£O§Sparse CRBM5U�
`"
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3Ñª£Oþ�A^
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3Àª£Oþ�A^
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3õ��ÆS¥�A^
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o(
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