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Chapter 5

Ø�{

31 2Ù·�?ØL�5£8�.t = Wx+εεε"XJxÚtmk²w��5
'X§KT�.����Ð�J¶XJüö�m��5'XØwÍ§K�5

�.¬Ñy�� �"Ó�§éu�5©a�.y = σ(wT x)§XJx´�5�
©�§KT�.����Ð�©a�J§��Ù�5Ø�©�§T�.òØ

2·^"�«�{´éx���5N�φφφ(x)§XJφφφ(x)Út�3�5'X££

8?Ö¤½�5�©£©a?Ö¤§K�3N��mïá�5£8½©a�

.§¢yE,êâ��5ï�"Xã 5.1¤«§3�©���m¥�üa:

´�5Ø�©�§��^����5N�òêâÝK�n��m�§K�¢

y�Ð��5©a"

,
§�O��Ün�N�φ¿ØN´§AO´�·�é?Ö����

£�ék��"31 3Ù¥§·�ÏL��ëêz� ²�ä5ÆSù�N

�§ù��{�¡�A�ÆS"ù«ÄuÆS�AN�O�{�±;�<�

�O�(J§���8I?Ö�·A�N�¼ê£½A�¤",
§T�{

�3A�":"Äk§A�ÆSI�é�©êâké²(��þL�§�3

éõ¢SA^¥éJòz�é�L�¤ê��þ§X�����ä¥�z�

(:éA�¤
§ù
¤
�m�'X´²(�§��òz�¤
üÕL�

¤���þK'�(J"y¢¥ù«'X²(§L�(J�?Ökéõ"é

ùa?Ö§A�ÆS�3��(J1"1�§A�ÆS�{éA��m��

�kî���§A��m�ÝLp¬��ÆS(J§��
E,êâ7L3

�p��A��mþâULyÑ�5"1n§A�ÆS§AO´ÄuE,¼
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1 �C,å�i\z£Embedding¤EâÜ©)û
é'X.¯K�êâ�þz¯K§�

ù
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Fig. 5.1 |^��5N�ò���m¥�5Ø��êâ£�ã¤N��n��m�C��
5�©£mã¤"�~¥§��5C��Xe/ªµφ(x1,x2) = (z1,z2,z3) = (x1,x2,x2

1 + x2
2)"

²LTC��§²¡z3 = 1=�3N��m¥òêâ�5©m"

Ø�{£Kernel Method¤´,�«N�¼ê�)¤�{"�A�ÆSØ

Ó§Ø�{ØéA�N�¼êφφφ�w«�L«½ÆS§
´ÏLêâm��

'5¼êk(x,x′)éφφφ?1Ûª½Â§=µ

k(x,x′) = φφφ(x)T
φφφ(x′).

�'5¼êk(x,x′)¡�Ø¼ê"ïÄL²§?Û��é¡��½�¼êÑ´
Ø¼ê§��Ø¼êÛª½Â
��N�¼êφφφ(x)2"ÏLù�½Â§·��

±3φφφ�m¥�¤[Ü½©a?Ö§
��¤ù�?Ö¿ØI�φφφ�wªL

�§�IÏLO�Ø¼êk(x,x′)=�"ù��{äkeZ²w`³µÄkT
�{�'5êâ�m�'X§
Ø´êâ��§ÏdAO·Üêâ��J±

^�þ²(L��?Ö [10]"Ùg§dk(x,x′)Ú�Ñ5�A��mφφφ�Uä

k�~p��Ý§$�´Ã��§�÷véE,êâ©Ù��5z�¦"�

�§A��m¥��.´�5�§Ïd�.Ôö´��à`z¯K§��y

���Û�`)"

<�ïÄØ�{®²ké��m�{¤
"Í¶�Mercer½n�±

J��1909 c§2)ØF�ËA�m�ïÄ@320­V40c�Òm©
"

1964cAizermann�<3é³¼ê�ïÄ¥ÄgòØ�{Ú\�ÅìÆS+

�§�¿vkÚå����"1992c§Boser�<3ïÄ��>.©aì�§

2 î�5`§��Ø¼ê�±éAõ�N�¼ê"



5.1 l�5£8�Ø�{ xvii

òØ�{Ú��>.©aOK(Ü3�å§ò�5|±�þÅ£SVM¤í2

���5|±�þÅ"gd§Ø�{�`³â�ïÄ.¿©@£Ú�÷"C

c5§Ø�{���­�uÐ´éØ¼ê�*Ð§¦Ù�±?n�õ¢S¯

K§~XÎÒz�ÔN§E,�S�½(��§l
4�*Ð
Ø�{�A

^��"

�ÙòéØ�{?10�"·�òl{ü��5£8?ÖÑu§ÚÑ

ÙéóL�"éóL�´òëê�.=�¤�ëê�.�­�Ú½§´Ø

�{�Ä:"Äud§·�ò�ÑØ¼ê�Vg§¿�ÑMercer½n§ù

�½nw�·�XÛ�E��Ü{�Ø¼ê§¦��±éêâ?1k�N

�"��§·�ò?Ø�
k�L5�Ø¼ê§AO´�
E,(�þ�Ø

¼ê§X8Ü!S�!ãþ�Ø¼ê"��§·�ò?ØoaäNØ�{µ

Kernel PCA, pdL§£Gaussian Process¤§|±�þÅ£SVM¤§�'�þ

Å£RVM¤"

5.1 l�5£8�Ø�{

1 2Ù?Ø
�5£8�.§T�.�½ÂXeµ

y(x;w) = φφφ(x)T w, (5.1)

Ù¥φφφ´��(½�A�N�¼ê"�½�|Ôöêâ{(xn, tn) : n =

1,2, ...,N}§T£8�.��¤XeÝ
/ªµ

y =ΦΦΦ
T w, (5.2)

Ù¥§ΦΦΦ = [φφφ(x1), · · · ,φφφ(xN)]"½Â£8�.�8I¼ê�µ

L(w) =
1
2

N

∑
n=1
{tn− yn}2 =

1
2

N

∑
n=1
{tn−wT

φφφ(xn)}2.

éL(w)�w�FÝ§kµ

∂L(w)

∂w
=

N

∑
n=1
{tn−wT

φφφ(xn)}φφφ(xn). (5.3)

�þãFÝ�"§�n��:
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w = (ΦΦΦΦΦΦ
T )−1

ΦΦΦt, (5.4)

Ù¥§t = [t1, · · · , tN ]T´8ICþ�*	�"
·��±ÀJ,�«�{éþã£8�.¦)"òëêwL«�Ôö8

¥¤k���\�²þµ

w =ΦΦΦααα (5.5)

Ù¥ααα ∈ RN ´z�����­"XJ·�¦�
ααα§=�)�w"Ï
§£
8?Ö��¤Xe/ªµ

y =ΦΦΦ
T w =ΦΦΦ

T
ΦΦΦα = Kααα (5.6)

Ù¥K ∈ RN×N ½Â
Ôö8¥?¿�éêâ���m�SÈ§¡�GramÝ


§Ù��ki j½Â�µ

ki j = φφφ(xi)
T

φφφ(x j) = k(xi,x j). (5.7)

þª�ª£5.2¤äkaq�/ª§�ØL±ëêαααO�
ëêw§Ïdäk
aqª£5.4¤/ª�)"5¿K´é¡Ý
§�
kµ

ααα = (KK)−1Kt = K−1t. (5.8)

XJòª£5.2¤¡��©¯K£Primary Problem¤§Kª£5.6¤�ÑT

¯K�,�«L��ª§Ï~¡�éó¯K£Dual Problem¤"ò�©¯KC

�¤éó¯K´ÅìÆS¥�~��{"ÏLù�C�§½{z¯K�L�

Ú¦)§½Ï¦¯K�,�«¿Â"�¡?Ø|±�þÅ£SVM¤�·�¬

?�Úw�éó¯K�d�"

òª£5.8¤Úª£5.5¤�\£8�.£5.1¤§���é?�ÿÁ��x�
ýÿµ

y(x) = φφφ(x)T w = φφφ(x)T
ΦΦΦααα = φφφ(x)T

ΦΦΦK−1t = k(x)T K−1t. (5.9)

Ù¥,

k(x) =ΦΦΦ
T

φφφ(x) = [φφφ(x1)
T

φφφ(x), · · · ,φφφ(xN)
T

φφφ(x)]T = [k(x1,x), · · · ,k(xN ,x)]T .



5.2 Ø¼ê�5� xix

c[*	ª£5.9¤§���5£8�.�3,�«�,ØÓ�){"3

ù�){¥§·�¿ØI�wª/¦Ñ�.ëêw§�ØI�²(½ÂA
�N�¼êφφφ§�I��Ôöêâ�m�'XKÚÿÁêâ�Ôöêâ�'
Xk(x)"ØØ´K�´k(x)§ÑÄuª 5.7¤½Â�'X¼êk(·, ·)"T¼ê¡
�Ø¼ê£Kernel Function¤§�A��{¡�Ø�{(Kernel Method)"

ØØ´K�´k(x)§Ñ�¹éÔö8¥¤kN�êâ�O�"�N��u

A���Ý�§Ø�{3O�þÚS�m�þÑ�u�©ëê�{",
§

ù��{Jø
�«�#�ÆSg´µ3ù«ÆS¥§^Ôöêâ8Ü�O

ëê�.§^êâm�'X�Oêâ��§cö¦�T�{´�«�ëê�

{§�ö¦�T�{äk�q5ÆS�A�"¯¢þùüö´�'�§Ï�

kêâm�'X§âU3ýÿ��6Ôöêâ
�ëê�."�¡·�¬w

�§£ãêâ'X�Ø¼êk(·, ·)äk­�¿Â§§¯¢þÛ5½Â
N�¼
êφφφ(·)§
ù�½Â�E,Ý�U��L<�½Â�U���E,Ý"

5.2 Ø¼ê�5�

5.2.1 222)))ØØØFFF���ËËËAAA���mmm���Mercer½½½nnn

Ø¼ê½Â�3N��m¥�SÈ§=µ

k(x,x′) = φφφ(x)T
φφφ(x′). (5.10)

dþª��§k(x,x′)w,´é¡�"Ó�§k(x,x′)äk��½5§=é?Û

��dk(x,x′)½Â�GramÝ
K ∈ RN×N§�?¿��þc ∈ RN§ÑkXe5

�µ

cT Kc =
N

∑
i, j=1

cic jKi j

=
N

∑
i, j=1
〈ciφφφ(xi),c jφφφ(x j)〉

=

〈
N

∑
i=1

ciφφφ(xi),
N

∑
j=1

c jφφφ(x j)

〉

= ‖
N

∑
i=1

ciφφφ(xi)‖2 ≥ 0.

(5.11)
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þª`²?¿��A�C�φφφ(x)Ñ½Â
��é¡��½�Ø¼ê"�L
5§XJ�½��é¡��½���¼êk(·, ·)§´Ä�±½Â��A�C
�φφφ(x)§¦�ª£5.10¤�±÷vºXJUé�ù���φφφ(x)§Kk(·, ·)�½
´��Ø¼ê"�Y´�½�µ·�Ø=�±é�ù��φφφ(x)§
��U¬
é�õ�"

ù�9�2)ØF�ËA�m£Reproducing Kernel Hilbert Space, RKHS¤

�Vg"{ü/`§F�ËA�m´������SÈ�m§�@�´îª

�m�*Ð"2)F�ËA�m´���¢�¼ê�F�ËA�mH§éÙ

¥�?��¼ê f ∈H§Ñ�±ÏLXe�ª)¤µ

f (x) =< f ,Kx >

Ù¥x ∈X´½Â�X¥�?���§Kx´�x½Â�F�ËA�mH ¥�

��¼ê"é½Â�¥�,���x′ ¤½Â�¼êKx′§Ó��dþã�ª)

¤"^Kx′�Oþª¥� f§Kkµ

Kx′(x) =< Kx′ ,Kx > .

�SÈ�é¡5§w,kKx′(x) = Kx(x′)"dd§��RKHS¥�¤k¼êÑ

�dXeØ¼ê)¤:

k(x,x′) =< Kx,Kx′ >,

ù�´2)ØF�ËA�mù�¶¡�d5",��¡§MooreõAronszajn½

n [2]L²§?Û��é¡��½���¼êéA����RKHS"

�½��é¡��½���¼êk(·, ·)§·�����ÙéA�RKHS�

�N��m§=µ

φφφ(x) = k(x, ·) = Kx(·).

Kkµ

k(x,x′) =< Kx,Kx′ >=< φφφ(x),φφφ(x′)> .

þª`²k(x,x′)´��k�Ø¼ê"5¿§N�φφφ(x)ò�©�mxN��
�
�¼ê�mH§
H¥�¼êÏ~�w�´Ã���þ§ù��uÏLØ

¼êk(·, ·)ò�©êâN��
��Ã���m¥"



5.2 Ø¼ê�5� xxi

���J�´§Kx¿Ø´k(·, ·)éA���N�§�Ukõ�φφφ(x)éAÓ
��Ø¼ê"~XØ¼êk(x,x′) =< x,x′ >2§Ù¥x = (x1,x2)"�±y²X

e¼êÑ´k(x,x′)éA�N�¼ê"

φφφ 1(x) = [x1
2,
√

2x1x2,x2
2],

φφφ 2(x) =
1√
2
[x1

2− x2
2,2x1x2,x1

2 + x2
2],

φφφ 3(x) = [x1
2,x1x2,x1x2,x2

2].

nþ¤ã§·�w���¼êk(x,x′)´Ü{Ø¼ê�¿©7�^�´T
¼ê´é¡���½�¶½ö§éu?¿N�{xn;n = 1, ..,N}§dk(·, ·)�Ñ
�GramÝ
´é¡��½Ý
"ù�(Ø¡�Mercer ½n§uLu1909c

[21]"3�ïØ¼ê�§·��±ÏLMercer½n�ä��Ø¼ê´ÄÜ{§

ù�:3�EE,Ø¼ê��~k^"

5.2.2 ØØØ¼¼¼êêê���ÄÄÄ���555���

�k1(·, ·)§k2(·, ·)´Ü{�Ø¼ê§α ´���Kê§ f (·)´?¿��¼
ê§φ´lX �RN�N�§k3(·, ·)´½Â3RN×RNþ�Ø¼ê§B´��é¡

��½Ý
"�±y²ÏLXeö�)¤�¼êÑ´Ü{�Ø¼êµ

k(x,x′) = k1(x,x′)+ k2(x,x′) (5.12)

k(x,x′) = αk1(x,x′) (5.13)

k(x,x′) = k1(x,x′)k2(x,x′) (5.14)

k(x,x′) = f (x) f (x′) (5.15)

k(x,x′) = k3(φ(x),φ(x′)) (5.16)

k(x,x′) = f (x)k1(x,x′) f (x′) (5.17)

k(x,x′) = x′Bx′ (5.18)

d	§ÏL±e�ª)¤�Ø¼ê�´Ü{�µ
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k(x,x′) = exp(k1(x,x′)) (5.19)

k(x,x′) = P(k1(x,x′)) (5.20)

k(x,x′) = exp
(
−||x−x′||2

2σ2

)
. (5.21)

Ù¥§k1(x,x′)´��Ü{�Ø¼ê§P(x)´��äk�Xê�õ�ª§σ´

��?¿~ê"ÏLØ¼ê�ù
Ä�5�§·��±l{üØ¼ê)¤E

,Ø¼ê§ù'���EE,Ø¼ê�N´�õ"

5.3 ~^Ø¼ê

dc¡?Ø��§Ø¼ê�/ªû½
N�¼ê�á5§ØÓ�Ø¼ê

òêâN��ØÓ�A��m"3)û¢S¯K�§�,F"êâ3A��

m�5��{ü�Ð£X�5�ýÿ5§�5�«©5!pd©Ù�¤§Ïd

éØÓ?ÖI��OØÓ�Ø¼ê"�ÙÄk0��
~^�Ø¼ê§��

0�E,Ø¼ê��E�{"'uØ¼ê��[�`²§�ë�©z[12]"

5.3.1 {{{üüüØØØ¼¼¼êêê

�5Ø �5Ø´�{ü�Ø§½ÂXeµ

k(x,x′) = x ·x′+ c.

�5ØéA��N�§ØUJpL«5§�3éõ¢S¯K¥����Ð�

�J"5¿Ø�{Ø=�¹A�N�§Ó��¹�ëêï�§Ïd§=¦´

�5Ø3éõ¢^|µ¥�ÐuDÚëê�{§;.�X�5SVM"Ó�§

�5Ø�±^5�y�{��(5"~XÀJ�5Ø�kernel PCA (KPCA¤

�duDÚPCA§Ïd�±^DÚPCA(J5�yKernal PCA¢y´Ä�

("

õ�ªØ �âþ�!¤ã�Ø¼ê5���§XJk1(x,x′)´��Ø¼ê§
@o3TØÄ:þû)�õ�ª*Ðk(x,x′) = P(k1(x,x′))Ó�´��Ü{Ø
¼ê§Ù¥P(·)´?¿��äk�Xê�õ�ª"�k(x,x′) = (k1(x,x′)+ c)d§

�k1(x,x′) = x ·x′§K��õ�ªØ¼êXeµ



5.3 ~^Ø¼ê xxiii

k(x,x′) = (αx ·x′+ c)d
α > 0,c≥ 0,d ∈ Z+.

�*þw§õ�ªØ�dué�©êâ?A�*Ð§Ø=�Ä�©A�§Ó

��ÄØÓA��m��'5"õ�ªØ3g,�ó?n?Ö¥k2�A^

[13]"õ�ªØ���":´��êd'���§3��N´Ñyê�þ�Ø

­½§�UÑyL�½L��"

pdØ pdØ´A^�2��Ø¼ê§ÙªXeµ

k(x,x′) = exp(−α||x−x′||2),

Ù¥α´��Ø¼ê°Ý�ëê"þª�pd©Ùäkaq/ª§�
¡�

pdØ"pdØéAÃ��A��m"pdØ´ål�¼ê§äk �ØC

5"d1 3Ù��§ù�/ª�»�Ä¼ê£RBF¤��§ÏdpdØ�~

¡�RBFØ"

pdØkõ«*Ð/ª"~X3��A��mφφφ(x)¥O�TØ¼ê§K
kµ

||φφφ(x)−φφφ(x′)||2 = k1(x,x)−2k1(x,x′)+ k1(x′,x′),

Ù¥

k1(x,x′) = φφφ(x)T
φφφ(x′).

Ïd§TA��m¥�pdØ�±L«�Xe�©�m¥�Ø¼ê/ªµ

k(x,x′) = exp(−α(k1(x,x)−2k1(x,x′)+ k1(x′,x′))).

�pdØäkaq/ª�´�êØ£k��¡�.Ê.dØ¤§äkX

e/ªµ

k(x,x′) = exp(−α||x−x′||1).

ÚpdØ�'§�êØäk�²w����A§�^u£ã����S��

'5"

VÇØ þãØ¼êO�êâ��:�m�ål§ØäkVÇ¿Â§éDÑ

'�¯a"�«�U�?n�{´�O��VÇ)¤�.p(x)§¿½ÂXe
Ø¼êµ

k(x,x′) = p(x)p(x′). (5.22)
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þã½Â¿�X�ü�Ñ\xÚx′Ñäk���VÇ�§Küö´�q�§ù
3éõ?Ö¥´Ün�"éþãØ¼ê�?1*Ð§^·Ü©Ù£ã�E,

��q5µ

k(x,x′) = ∑
zi

p(x|zi)p(x′|zi)p(zi),

Ù¥zi´��ÛCþ§p(zi)> 0´zi�k�VÇ"�ÛCþ´ëY��§þª

�±�¤

k(x,x′) =
∫

p(x|z)p(x′|z)dz,

Ù¥z´ëYÛCþ"

,�«ÄuVÇ�.�Ø¼ê´FisherØ§dJaakkolaÚHaussleru1999c

½Â [16]"�±θ�ëê�VÇ)¤�.p(x|θθθ)§é?��x§�Ä3T:?
'uθθθ �FÝ�þXeµ

g(x;θθθ) = ∇θθθ ln p(x|θθθ). (5.23)

g(x;θθθ) Ï~¡�Fisher Score§Ù�Ý�θθθ�Ý��"Fisher Ø½Â�Fisher

Score�SÈµ

k(x,x′;θθθ) = g(x;θθθ)T I(θθθ)−1g(x′;θθθ),

Ù¥I(θθθ)�Fisher&EÝ
§½Â�µ

I(θθθ) = Ex[g(x;θθθ)g(x;θθθ)T ]. (5.24)

�*þ§Fisher&EÝ
½Â
��Riemannian6/£��5�m¤§3T6

/þθ?�ål½Â�µ

D(θθθ ,θθθ +δδδ ) =
1
2

δδδ
T Iδδδ .

c[*	FisherØ§�±uy§¯¢þ½Â
��x�,�FÝ�m�N
�§TFÝ´θ÷Riemannian6/CÄ�§p(x|θθθ)�������"ù��
�¡�g,FÝ§314Ù¥?Øg,FÝeü�{�J�L" FisherØ

b��x�x′�C�§Ùg,FÝ´�C�§=�¦éθθθ?1�q�N�¦

�p(x|θθθ)Úp(x|θθθ)Ñ¢y��z"ù�ÄuFÝ�m�ålO��{äk�
½|DUå"~X3ã�£O¥§XJüÌã¡éCq§�Ù¥�Ì�D(

Z6§Äu�©�m�ålO��{Ï~¬�)Ø�¶XJÄuFÝO�§
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¿b�p(x|θθθ)éã¡SN?1ï�§K?¿N��.ëêθθθÏ~ØUO\�

Dã¡�VÇ£Ï�SNvkUC¤§ÏdüÌã¡3FÝ�m¥�,äk

�q5"

Ø¼ê�|Ü c¡¤ã�Ø¼ê½Â{ü§O��B§A^��2�§3

�«A^¯K¥AÄk�±�Ä"�õ{üØ¼ê�ë��'©z3"Äu

þã{üØ§�|^þ!?Ø�Ø¼ê�5�|Ü)¤�E,�Ø"XJ

��Ä¦{Ú\{§KéØ¼ê�|Ü�L«��Ìk�ãG§ã¥z�^

>ei�L��Ä:Ø¼êki§>�>�ë��LØ¼ê�¦§Kã¥z^´

»�L��Äu¦{)¤�|ÜØ¼ê:

k(ξ ) = ∏
ei∈ξ

ki.

ã¥¤k´»�L�Ø¼ê�\�Ú�Tã¤�L�Ø¼êk(G):

k(G) = ∑
ξ ;ξ∈G

k(ξ ).

5.3.2 EEE,,,ØØØ¼¼¼êêê

þ�!¤ã�{üØ¼êéu{üêâé�é·^§ù
é��L��

�ÝØp��þ§�^{üØ¼ê½Ù|Ü5£ãé�m�ål",
§�

é�'�E,§k�r�(�A5�§ù
{üØ¼êÒØ�·^
"~X

8Ü!S�!ã(��§éù
é�?1{ü�þz  I�ép�Ý§


����mäkér�'5§^{üØ¼êéù
êâ?1ï�  ØU�

�éÐ��J"�«�{´|^êâ�(�zA5§�O�êâ����Ø

¼ê"

8Üþ�Ø �½��8ÜS§ù�8Ü�¤k�U�f8�¤��8Ü�

m2S"XJAÚA′´ù��mþ�ü���£=S�ü�f8¤§@o��{

ü�Ø�±½Â�µ

k(A,A′) = |A
⋂

A′|,

3 http://crsouza.com/2010/03/17/kernel-functions-for-machine-learning-applications/
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Ù¥A
⋂

A′L«8ÜAÚA′��8§|A|L«8ÜA����êþ",�«~�

�{´ò8ÜAL«�VÇ©ÙP(A)§ò8Üm�ål=z�VÇm�å

lµ

k(A,A′) = D(P(A),P(A′)),

Ù¥D(·, ·)´ü�VÇ©Ù�m�ål"~^�ål�)Histogram inter-

section§KullbackõLeiblerÑÝ§ ItakuraõSaito ål§Hellinger ål§Chi-

squared ÚOþ§Kolmogorov-Smirnov ål§ JensenõShannonÑÝ§Earth

movertål� [30]"3�©êâ�m�VÇ©ÙålÝþ�U�3�r�D

(§X3ã�?n¥�1ì!�Ý��5�K�"�«�{´ò�©êâ:

N����A��mH§2ÏLTA��mþ�VÇ©Ù5O�8Üm�å

l"ùp�A�N��±L«���Ø¼êk(x,x′)"5¿k(x,x′)Úk(A,A′)´

ü�ØÓ�Ø§©O^uéêâ?1A�N�Úé8Ü�ålO� [19]"

S�þ�Ø XJêâé�x´��S�§X©�G!DNA�§KålO��

\E,"Ï�ØÓS���ÝØÓ§S��S��m�UkE,��¹'

X§ù��OS�Ø�5�½(J"

�«{ü�?n�{´�ÑS�¥���^S§ù���S�òz��

�8Ü§S�þ�Ø¼êòz�8Üþ�Ø¼ê"©�?n¥~^�c��

.£Bag of Word Model¤=´ù«�{",�«�{´�Ñ�Û^S§��

ÄÛÜ^S"~X3©�?n¥�N-gramc��.§c�¥���´ÛÜc

S�£=N-gram¤"ù«�{�o�O�E,5�S���S5§3¢�¥

�2�A^"

XJ�Ä�Û^S§K�^�«S�éà�{O�S�m�ål"ä

N5`§�½ü�S�xÚx′,Ù��©O^x(i)Úx′( j)L«"XJ?¿�é�

�xiÚx′j�m�ål�O�§Ko�|¢���«òxÚx′éà��ªξ§¦

��d�ª�����mål�Ú��§/ªz�µ

k(x,x′) = argmin
ξ

∑
i

∑
j∈ξ (i)

d(xi,x′j),

Ù¥d(a,b)�ü���aÚbm�ål§ξ (i)L«�ξ§S�x¥���x(i)éA

�S�x′¥���SÒ"ù�`z?Ö�^Ä�5y�{¦)"©�?n¥
~^�?6ål=´ù��{�A~§Ù¥d(a,b)��=�a = b��0§Ä

K�1"ù«S�éà�{���ål¿ØU�yk(x,x′)´��Ü{�Ø¼
ê"
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,�«�Ä�Û^S��{´òS�L«¤���SVÇ�.§?
ò

S�m�ålÝþ=C�VÇ�.m�ål"Ûê��Å�.£HMM¤´

�~��´�{ü��S�."�*ÿS�x = [x1, · · · ,xT ]§Û¹G�S�

´z = [z1, · · · ,zT ]§Ù¥zt´t���G�§���,�lÑG��m"G�S

��k�VÇL«�p(z)§Kx�VÇL«�µ

p(x) = ∑
z

p(x|z)p(z).

ÄuT�.�éü�*ÿS�x§x′O��q5"�«{üO��{´b
�?�G�S�z§TG�S��±Õá�)ü�*ÿS�xÚx′"�ÄuV
Ç�Ø¼êúª£5.22¤O�3TS�b�eü�S��VÇål§2é¤

k�U�G�S�¦Ú§kµ

k(x,x′) = ∑
z

p(x|z)p(x′|z)p(z).

þª�¦xÚx′´��S�£�z��Ý��¤§�\*Ð�§�±^5O
�Ø��S��ål"�z¥�?�G�z(t)�)¤ü�Õá��(x(t),x′(t))§

Ù¥z���Q�±´*ÿS�¥���§��±´��AO�½���

�"ù��uéxÚx′ ?1éà§2é¤k�U�éà�ª?1¦Ú"ïÄ
L²§ù«ålO��ª´��Ü{Ø¼ê§¡�Ä�éàØ£Dynamic

Alignment Kernel¤§éA�HMM�.¡�Pair HMM [33, 26]"

|^HMM�.éS��ï�Uå§�éS�êâ½ÂFisherØ [16, 32]"

3FisherØ¼ê¥§·�Äkïá��HMM�.§¿Äud��3*ÿê

âx?�Fisher Score g(x) = ∇θ ln p(x;θθθ)§Ù¥p(x;θθθ)=�ýkïá�HMM�

."�FisherØ½Â§kµ

k(x,x′) = g(x)T I−1g(x′)

Ù¥I�Fisher&EÝ
"

ãþ�Ø¼ê ã´'S��E,�(�§X���ä¥z�<|¤��ä§

�Æ©z¥Ú^'X|¤��ä"ù
�ääk�É(�§XÛ½ÂüÌã

�m��q5äk��]Ô5"ïÄöJÑ
�
)û�{§��Ä�g´

´Ó�3üÌãþ?1�Åir§O�)¤´»��q5§¿é�U�´»

?1�q5¦Ú [17]"

äN5`§��Ã�ãG�d!:8ÜVÚ>8ÜEL«§XJV¥�ü

�!:v jÚvk��§K�ö�E¥��^>e jk�ë§P� j ∼ k"�ãG¥!
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:m�a=VÇdÝ
P½Â§Ù¥PjkL«d!: j�!:k�a=VÇ"�

3Gþ?1tÚ�Åir�§²L!:�eIS��i1, i2, ..., it+1§éA>þ�

IPS��h1,h2, ..,ht"2�!:�Ð©VÇ�p§(åVÇ�q§K´»h�

VÇ�:

p(h|G) = qit+1

t

∏
j=1

Pi j ,i j+1 pi1 .

XJü�IPS�hÚh′�ÝØ�§K�ö�q5�"¶e�ÝÓ�t§

Ù�q5d½Â3IPm�Ø¼êk(hi,h′i)(½Xeµ

k(h,h′) =
t

∏
i=1

k(hi,h′i).

KüÌãGÚG′m�ål�deª(½µ

k(G,G′) = ∑
h

∑
h′

k(h,h′)p(h|G)p(h′|G′).

Gartner[11]�JÑaq�g´§ØÓ�´±�Åir����´»ê��å

lÝþIO"

,�«~��ã(�´k�G�Å£Automaton¤"~X���Ñ£OX

Ú�ÑÑÏ~´�|Ø���N-best£O(J§ù
(J�±L«���k

�G�Å"O�k�G�Å�m�ålÏ~^�RationalØ [8]"Vishwanathan

[31]�y²§ãþÄu�Åir�Ø¼êÚk�G�Åþ�RationalØäk�

�éX§�ö�±@�´�ÅirØ¼ê3k�G�Åþ�*Ð"

ØØ´�ÅirØ�´RationalØÑI��þO�"Vishwanathané�«

ãØ¼ê?1
c[ïÄ§JÑ��ÄuÝ
Kronecker¦{�Ú�µe§¿

�Ñ�X�¯�O��{§�¦ãØO�þdO(n6)eü�O(n3)§Ù¥n�ã

¥!:�ê [31]"

ÄuÛÜålÝþ�Ø¼ê þã�«Ø¼ê3ålL�þÑ´���§=

8Im�Ýþ´(½�§���"XJ8Im�Ýþ´m��§K¬�Ø¼

ê��O�5��(J";.�X3���ä¥§z�<���ä¥���

!:��Ü©<u)��éX§l
¼�ålÝþ§évk��éX�<Ù

ålÝþ´"��",
§Ø¼ê�O�¦3?¿ü<m��'5Ñ�±�

�O�Ñ5§ÏdI��«�{é"��ålÝþ?1Ö�"

XJ·�^ã5L«ù«ÛÜÝþ'X§Kþã¯K=z�XÛ��Û

Üë�55O��Ûë�5"~��éuª�{§Xé�m��á´»�
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Ý§�±Ü©)ûù�¯K§�ù«�ªØU�yÝþÝ
���½5§Ï

dÃ{(@�Ü{�Ø¼ê"

�«�^�Ø¼ê¡�Ñ�Ø¼ê [20]"ÓãØ¼ê�½Âaq§�Ã

�ãG�>8ÜEÚº:8ÜV9!:m�C�'X j ∼ k"½Âã���Ý


Xeµ

H jk =


1 if j ∼ k

−d j if j = k

0 otherwise,

Ù¥d j�Ú!: jë��>ê"5¿−H=´Tã�.Ê.dÝ
§3Ìã
nØ£Spectral Graph Theory¤¥Ók­�/  [7]"�±y²é?��þw§
HäkXe5�µ

wT Hw =− ∑
{ j,k}∈E

(w j−wk)
2,

ÏdH´K½Ý
"½ÂH��êÝ
Xeµ

Kβ = eβH = I+βH+
β 2

2!
H2 + ...,

dH�é¡5§��K´��é¡�½Ý
§Ïd´��k�Ø¼ê"5
¿Hm

jk£ã
(: jÏLmÚ��(:k�´»oê§ÏdKβ¯¢þ£ã
!

: jÏL�«å»��!:k��U´»§= j�k�m�ë�5"

XJ¦Kéβ��ê§kµ

d
dβ

Kβ = HKβ ,

ù�úªÚ9åÆ¥£ã9Ñ��9²ï�§äk�Ó/ª§ÏdK¡�Ñ
�Ø£Diffusion Kernel¤ [20]"

5.4 Kernel PCA

l�!m©§·�ò?ØÄuØ�{�A«­��."·��,l�5

�.m©"31 5.1!·�í�
�5£8¯K�Ø¼êL«§aq�§�
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±���5VÇ�.�Ø��"·�±PCA�~§í�Kernel��PCA§½

¡Kernel PCA (KPCA)"

31 2Ù·�J�L§PCA´���5pd�.§ÙÄ�b�´êâd

��ÎÜ��©Ù�ÛCþÏL�5N���§Ïd�éÐ£ãpd©Ù�

êâ",
§3éõ¢SA^¥êâ�pd5¿ØU�y§ù�^PCAï�

Ï~¬�)�� �"Xã 5.2¤«§�©êâ���:¥y²w��pd

5§ù�^DÚPCAéJé���Ü·�Ì¤©��"�)ûù�¯K§·

��±�O��Ün���5N�§ò��5êâN��A��m§¦�ä

kÜn�pd5§=�?1k��PCAï�"

x1

x2
r

(a) (b)

Fig. 5.2 ØÎÜpd©Ù�êâ£�ã¤Ã{^PCAk�£ã"ÀJÜ·�A�N�§3

C��m¥LyÑ�²w�pd5§�^PCA�Ð£ã"ã¥¤À�A������ÝÚ

Ë�"

½Â�©êâ�m���{xn},��5N��φφφ(x)§�3�©�mÚN�
�m÷vXe8�z^�§

∑
n

xn = 0 ∑
n

φφφ(xn) = 0.

K3N��m����Ý
���µ

Sφ =
1
N ∑

n
φφφ(xn)φφφ(xn)

T =
1
N

ΦΦΦΦΦΦ
T

Ù¥, ΦΦΦ = [φφφ(x1), ...,φφφ(xN)]"d1 2ÙéPCA�0���§3N��m¦Ì¤

°v�du¦Sφ�A��þ§=µ
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Sφ v = λv. (5.25)

�n��µ

v =
1

Nλ
ΦΦΦΦΦΦ

T v =ΦΦΦ(
1

Nλ
ΦΦΦ

T v) =ΦΦΦααα. (5.26)

Ù¥§

ααα =
1

Nλ
ΦΦΦ

T v.

5¿§ααα ´��N��þ§Ù¥z��éA��êâ:�A��þv�SÈ"
Ó�§ª£5.26¤`²3N��m�A��þvd¤kêâ����þ\�²
þ��§�­�ααα"Ïd§¦A��þv=z�¦�­ααα§=d�©¯K=z

�éó¯K"

òv =ΦΦΦααα�£ª£5.25¤§k:

Sφ
ΦΦΦααα = λNΦΦΦααα (5.27)

ΦΦΦ
T

ΦΦΦΦΦΦ
T

ΦΦΦααα = λNΦΦΦ
T

ΦΦΦααα (5.28)

K2
ααα = λNKααα (5.29)

Ù¥Ki j = φφφ(xi)
Tφφφ(x j) = k(xi,x j)"�y²§þª¤á�7�^�´µ

Kααα = λNααα. (5.30)

�ÄA��þvA÷vvT v = 1§òv =ΦΦΦααα�\§kµ

ααα
T

ΦΦΦ
T

ΦΦΦααα =ααα
T Kααα = 1

dª£5.30¤§þã��^��z{�µ

λNααα
T

ααα = 1.

dd§ααα�ÏLeª¦)µ

Kααα = λNααα s.t. ααα
T

ααα =
1

λN
.
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5¿ù��§ÚDÚPCAaq§Ù¥ααα´K�A��þ")Ñααα�§=�Äu

ª£5.26¤��N��m�Ì¤°�þv"ÚIOPCAaq§·��±¦�

õ�Ì¤°§|¤Ì¤°�þ8{vi}
Äu{vi}�é?�ÿÁ��xü�§ù�du3N��m¥O�φφφ(x)3

��Ì¤°viþ�ÝK§O�Xeµ

φφφ(x)T vi = φφφ(x)T
ΦΦΦααα = ∑

n
αnk(x,xn).

dþª��§�,·��8�´3N��m¥?1Ì¤°J�¿Äu�

��Ì¤°éêâ?1ü�§�¿ØI�3N��m?1?Ûö�§¤kO

�Ñ3�©�m¥±Ø¼ê�ª?1§O����(J�du3N��m¥

?1O�"dd§·��±3�~E,�N��m¥éêâ?1PCAï�§

±)û3�©êâ�m¥��pdz¯K§äk4��(¹5Ú�*Ð5"

5.5 pdL§

31 5.1!¥§·�0�
ÄuØ�{��5£8�."ÚDÚ�5£

8�.��§T�{�é��êâx?1ýÿ§�ØU(½ýÿ��&Ý"
31 2Ù¥·���§Äu��d�{�±¢yé��êâ��VÇýÿ§

?
���ýÿ��&Ý"3ù��{¥§ÏLé�.ëêwÚ\k�V
Çp(w)§ÏLÆS���Tëê���VÇp(w|D)§¿±déx?1�VÇ
ýÿ§/ªzXe:

p(t|x) =
∫

p(t|x;w)p(w|D)dw,

Ù¥p(t|x;w)´)¤�.§p(w|D)´ÄuÔöêâD���éw����O§
O�Xeµ

p(w|D) ∝ p(D|w)p(w).

��5¿�´§þª¥·�ÏLéwD�k�VÇ5¢yéz�äN�
.p(t|x;w)D�k�VÇ"3Ø�{¥§duØ�3��wª�w§þãÏL
ëêÚ\k���{Ã{·^"pdL§´3�ëê�.¥Ú\�Å5��

«�{"

pdL§´�ÅL§¥��«"���ÅL§�±@�´�ÅCþ�*

Ðµ�ÅCþ´ÕáCþx�©ÙA5§�ÅL§´��Cþ8ÜX�©Ù
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A5"ùp�Cþ8Ü3éõ�¹e´�êÃ¡8Ü£Xg,ê¤½Ø�ê

8Ü£X¢ê¤"XJ·�éX¥�¤kCþ?1�gæ�§K����½

Â3Xþ�¼ê f"Ïd§�ÅL§��±@�´±¼ê f�Cþ�VÇ©

Ù"

?Û���ÅL§7L÷v��5Úé¡5"¤¢��5§´�lX¥

?À���f8Ù©Ù/ª´���"�î�/`§XJ�3ü�f

8X1ÚX2§X1 ∩ X2 6= /0§KdX1½X2 ÏL>�zÙ§Cþ�Ñ�P(X1 ∩
X2)AT´��� [24]"¤¢é¡5§´�lX¥?À���f8§�éT

f8¥�CþN� ��§ÙVÇ©Ù/ªØC§�IéÙ¥�ÅCþ?1

�A��"Kolmogorov½nL² [18]§XJ÷vù«��5Úé¡5§K�

�yT�ÅL§�3§�T�ÅL§�±dXþ?�f8�©Ù/ª£¡

�finite-dimensional distribution, f.f.d.¤£ã"

pdL§´f.f.d.�pd©Ù��«�ÅL§§=?���k�:8|

¤�Ý
X = [x1,x2, ...,xN ]§Ù8ICþ��|¤��þy = [y1,y2, ...,yN ]÷

vpd©ÙN(y;µµµ(X),K(X))"�µµµ(X) = 0§KTpdL§��d���Ý


K(X)(½§Ù¥K(X)i j = k(xi,x j)§k(·, ·)�?¿Ø¼ê"�*þ§·�F
"ål�C�:äk�r��'5§l
���q���y"�«~^�Ø

¼êkXe/ª [34]µ

k(x,x′) = v0exp{−1
2

d

∑
l=1

wl(xl− x′l)
2}+a0 +a1

d

∑
l=1

xlx′l ,

Ù¥d�x��Ý§θθθ = {v0,w1, ...,wd ,a0,a1}��.ëê"
��5¿�´§þã©Ù5Æé?¿��f8XÑ·^"y3b�Ôö

êâ�X§é?�ÿÁêâx∗§KX̂ = X ∪{x∗}�*	�ŷÓ�ÎÜpd©Ù§
=:

p(ŷ) = N(ŷ;0,K̂),

Ù¥:

K̂ =

(
K k
kT v

)
,

Ù¥§K´Ôö8X�GramÝ
§kn = k(x∗,xn)§v = k(x∗,x∗)"dpd©Ù�
5�§��Ù^�©Ù�´pd�§=µ

p(y∗|x∗,X,y) = N(t∗;m(x∗,X,y),σ2(x∗,X,y)), (5.31)
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Ù¥:

m(x∗,X,y) = kT K−1y (5.32)

σ
2(x∗,X,y) = v−kT K−1k. (5.33)

¢SA^¥§·�Ã{��y§
´y��D(*	�t§=µ

t = y+εεε,

Ù¥εεε ∼ N(0,β−1I)§Kkµ

p(t) =
∫

p(t|y)p(y)dy.

dup(t|y)Úp(y)Ñ´pd�§kµ

p(t) = N(t;0,C),

Ù¥:

C = K+β
−1I.

Äuª£5.31¤aq�í�L§§��µ

p(t∗|x∗,X, t) = N(t∗;m(x∗,X, t),σ2(x∗,X, t)),

Ù¥:

m(x∗,X, t) = kT C−1t (5.34)

σ
2(x∗,X, t) = v−kT C−1k. (5.35)

£�þãí�L§§�±uy·�¿vk½Â��aq�5£8�wªýÿ

¼ê§
´ÏL½Âêâm��'55£ãêâ��N©Ùá5§l
Ûª

½Â
lx�y��Åýÿ¼êy(x)§=pdL§"Ú1 5.1!¥ÄuØ�{

��5£8�.�'§pdL§Ø=Ú\
êâm�ål§
�ÏLTål

½Â
��éÜVÇ©Ù§l
Ú\
ýÿ�.��Å5"Ú\ù��Å5

¯¢þ�Ñ
ýÿL§��&Ý"'�ª£5.32¤Úª£5.9¤§�±w�Ä

updL§ýÿ�Ï"�ÚDÚØ�{���ýÿ�´���§�pdL§
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�Ñ
/Xª(5.33)��O��"Ïd§pdL§�±@�´DÚØ�{�

�Å��"

,��¡§XJ·��Äé�5£8�XêwÚ\k�VÇN(0,I)§�
±w�ýÿ�y�éÜVÇ©Ù�´±K = ΦΦΦTΦΦΦ����å
�pd©Ù§

=y´��pdL§"Ïd§pdL§�±@�´��d�5£8�{�Ø

¼ê��"

5.6 |±�þÅ

ØØ´ÄuØ¼ê��5£8�´ÄupdL§��ëê�.§ÑI�

O�GramÝ
K9Ù_Ý
"�Ôö8¥�êâþ���§ùw,¬�5
�~p�O�E,ÝÚS�m�"Ó�§3ýÿL§¥§ÿÁ���ÚÔö

8¥�¤k���Ø¼êO�§Ó��5�p�O�þ"�«k��)û�

{´=�3Ü©�­��Ôöêâ5?1ýÿ§
ò@
Ø­��êâ¿

ï"ù
�3e5�Ôö��¡�|±�þ§�A��.¡�|±�þÅ§

=SVM"

5.6.1 ���555���©©©���SVM

·�±�©a¯K5?ØSVM�Ä�Vg"�ÄüaêâC1ÚC2§¿b

�ùüaêâ�5�©"éùa¯K§·��±é�õ�©a¡éC1ÚC2?

1�{y©§�·�F"����5©a¡L : y(x) = wT x+ b = 0äk�

�>.á5"äN
ó§Äké�C1ÚC2üaêâ��¥ålL�C��

�8ÜS(C1)ÚS(C2)§ùü���8Ü�¡�éAaO�>.��8§z

�>.��8¥����©a¡L�ål´���§ü�>.��8�©

a¡m�ål�Ú¡�>.£Margin¤"·�F"é�ù��©a¡L§¦

�S(C1)ÚS(C2)ü�>.��8¥�êâ�©a¡�ål��§�Tål

3¤k©a¡¥��z"ù�©a¡¡���>.©a¡£Max-Margin

Hyperplane¤§�A�©aì¡���>.©aì£Max-Margin Classifier¤"

þã��>.©a¡�(½=�>.��8�'§Ïd>.��8¥�Ô

ö��¡�|±�þ£Support Vector¤,T©aì¡�|±�þÅ£Support

Vector Machine, SVM¤"|±�þXã 5.3¤«"



xxxvi 5 Ø�{

边界

支持向量

类边界内

类边界内

Fig. 5.3 �5�©��©a¯K¥�|±�þ"J�þ�:�|±�þ£Support Vector¤§

J�m�ål�Äu�c©a¡�>.£Margin¤"

·�{üí��eXÛl��>.ù�`z8I����SVM"�Ôö

êâ{(xn, tn)}§Ù¥tn ∈ {−1,1}§�L��xn�aO"½Âµ

y = wT x+b.

�y = 0´©a¡§K��xn�©a¡�m�ål�L«�| yn
||w||2 |"�Ätn��

�§ù�ål�L«�µ

tn
yn

||w||2
= tn

wT xn +b
||w||2

.

K��>.©aOK�L«Xeµ

argmax
w,b

1
||w||2

min
n
[t(n)y(n)]. (5.36)

5¿�wÚbÓ�¦±�Ó�ºÝ~êκ�§©a¡Ø¬u)UC"|^ù�

:§�ÏLÀJÜ·��ºÝ§¦�?¿��|±�þxnÑ÷vtnyn = 1"5
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¿§Ú\þã��¿Ø¬UCxn�©a¡�ål"du¤k�|±�þ�©

a¡�ålÑ�u|±�þ�©a¡�ål§Ïdé¤kÔöêâxnÑ÷v

Xe��^�µ

tnyn ≥ 1. (5.37)

Ïd§ª£5.36¤½Â�`z?Ö�U�¤Xe�ªµ

argmin
w,b

1
2
||w||2 s.t. tnyn ≥ 1 ∀n = 1,2, ...,N. (5.38)

ù´�;.��g5y¯K£Quadratic Programming¤§=3eZ�5�å

eé����¼ê?1`z"w,§ù�¯K�ÛÜ�`)=��Û�`

)"����Û�`)´SVM�é ²�äÚéõÙ§�.�­�`³§�

´SVM2�A^��Ï��"

A^.�KF¦f{�òª£5.38¤¤«�É�`z¯K�¤Xe/

ªµ

argmin
w,b,{an}

1
2
||w||2−

N

∑
n=1

an{tnyn−1}. (5.39)

5¿þªI÷vKarush-Kuhn-Tucker£KKT¤^�µ

an > 0

tnyn−1≥ 0

an{tnyn−1}= 0.

éª(5.39)?1`z"Äk¦éb� ��"§kµ

∑
n

antn = 0.

2¦éw� ��"§kµ

w = ∑
n

antnxn.

�£ª£5.39¤§K��±an�Cþ�`z¯Kµ

argmax
a

{
∑
n

an−
1
2 ∑

n
∑
m

anamtntmk(xn,xm)

}
. (5.40)
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Ù¥k(x,x′) = xT x′"ù�¯K´�¯K£5.36¤�éó¯K"éù�?Ö¦

)§���`z�{an}"5¿þª¥Ôöêâ:=±Ø¼ê�/ªÑy"·
��±*Ðk(x,x′)�?¿Ø¼ê§l
ò�©�m���>.�5©a¯K
=z�N��m���>.�5©a¯K"ÏLù�*Ð§�©�m¥�5

Ø�©¯K�3N��m¥)û"�L«�B§·��,±�©�m�5�

©¯K�~5?Ø§��'(Ø���*Ð�N��m�5�©�?Ö¥"

Äuþã`zL§��{an}��§=�����ëêSVM�."é��

#��x∗?1©a�§·�O�Têâ�©a¡�ål§¿�ål�ÎÒ(
½Têâ�aO§ùÓ��±L�¤Ø¼ê/ª§O�Xeµ

wT x∗+b =
N

∑
n=1

antnx∗xn +b =
N

∑
n=1

antnk(x∗,xn)+b. (5.41)

é?�|±�þxn§oktnyn = tn(wT xn + b) = 1§dd�¦�ëêb"

þª`²éêâx∗�ýÿd¤kÔöêâÏLk(x,xn)¢y§z�Ôöêâ

�ank(x∗,xn)���­§�zÙaOIPtn§���²þ�=�éTêâaO

�ýÿ"duØ¼ê£ã
��m��q5§ÏdSVM�ýÿ�@�´�«

é�ýÿ§^�ÿª���C�Ôö���aO5ýÿÿÁ���aO"

��5¿�´§dKKT^���§�tnyn ≥ 1�§an = 0"ù¿�X§X

JÔöêâxnØ´|±�þ§KTêâéýÿòØ�)K�"Ïd§T�.

¥=k|±�þâé©aýÿå�^§Ù{êâÑ�±¿ï"ù4�~�


�.5�§�Ì~�
ýÿ��O�þ"�¤±�)ù��DÕ�J§´Ï

�·�3Ïé��>.©a¡�§�k|±�þ¬K�©a¡�/G§¤k

aS:§ØØXÛCz§ÑØ¬é©.¡�(½�)K�§Ïd§ù
:�

���©.¡Ã'§�ÒØ¬éýÿ�)K�"

5.6.2 ���555ØØØ���©©©���SVM

�8c��§·�éSVM�í�Ñb�üaêâ3A��m´�5�©

�"XJù�^�ØU÷v§Ké?��©a¡§Ñ¬k�
:�L>.§

·�¡ù
:�¤áaO�>.	:§Xã 5.4¤«"ù���^�£5.37¤

Ã{��÷v"�
����Ün���^�§�±éz�Ôöêâ��Ú

\��t¶Cþξn§¦�\þTt¶Cþ�÷v£5.37¤¤«���^�§

=µ
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tnyn ≥ 1−ξn s.t. ξn ≥ 0.

��§é3a>.þÚ>.S�xn§�ξ = 0=�÷v�å¶XJxn3a

>.	���(©a§Kkξn ≤ 1;XJxn�©a¡�Ø©a§KI�ξn > 1"

3`zL§¥§·�F"ξn���Ð§=F"é��©a¡¦�ØI�Ú\

���t¶þ=�÷v��^�"Ïd§�5Ø�©�SVM`z¯K�/ª

z�µ

argmax
w,b,{ξn}

1
2
||w||2 +C

N

∑
n=1

ξn s.t. tnyn ≥ 1−ξn ; ξn ≥ 0 ∀n = 1,2, ...,N, (5.42)

Ù¥C´²ï>.��Ú©a�Ø��ëê"Ó�^.�KF¦f{)þã

`z¯K§òÙ�¤Xe/ªµ

argmax
w,b,{ξn}

1
2
||w||2 +C

N

∑
n=1

ξn−
N

∑
n=1

an{tnyn−1+ξn}−
N

∑
n=1

µnξn. (5.43)

ÙéA�KKT^��µ

an(tnyn−1+ξn) = 0, (5.44)

µnξn = 0. (5.45)

Äuª(5.43)¤«�`z¼ê¦éw,b,ξn� �¿�0§��µ

w =
N

∑
n=1

antnxn, (5.46)

N

∑
n=1

antn = 0, (5.47)

an =C−µn. (5.48)

�\ª£5.43¤kµ

argmax
a

{
∑
n

an−
1
2 ∑

n
∑
m

anamtntmk(xn,xm)

}
. (5.49)
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ù�(J�ª£5.40¤äk�Ó/ª§ØÓ�´I÷vØÓ��å^�"Ó

�§k(xn,xm)�±�?�k�Ø¼ê§¢y3N��m
��©�m¥��

5©a"é,�ÿÁ��x∗�ýÿäkª£5.41¤�Ó�/ª§=µ

y(x∗) = wT x∗+b =
N

∑
n=1

antnxT
n x∗+b =

N

∑
n=1

antnk(x∗,xn)+b. (5.50)

Ó�§=kan > 0éA�Ôöêâéýÿ(J�)K�§ù
Ôöêâ|¤

|±�þ8"dª£5.44¤��§�an > 0�kµ

tnyn−1+ξn = 0. (5.51)

XJxn3�(©a�>.S§K7,ktn(wT xn + b) < 1§ÏdØU÷vª

£5.51¤¤«�^�"Ïd§3�5Ø�©^�e§¤k3>.þÚ>.	�

Ôö��Ñ´|±�þ"

£�`z?Ö£5.42¤§��¤kξn > 0�:Ñ´|±�þ£��Ø¤

á¤§Ï
¬é�.�)K�"Ó�§∑n ξn´©a�Ø�þ.£5¿§X

Jξn > 1§�L�)
��©a�Ø¤§Ïd�C���§3é£5.42¤?1

`z�é©a�Ø�­À§����.�|±�þê��§�.�E,Ý

�$"�C→ 0�§�5Ø�©�`z¯Kòz��5�©^�e�SVM"

,��¡§XJüaêâ· Ý��§Kξn > 0�:�õ§�.�E,Ý�

p"

5.6.3 µ-SVM

þ!¤ã�SVMdëêC5���.E,Ý§Ï~¡�C-SVM"d

uC���´Ã���§3�E¢SXÚ�ØN´ö�" µ-SVM´ÚC-

SVM�d�,�«SVM¢y�{§�ÀJ�kÔn¿Â�ëê§¦¢yå5

�\N´"µ-SVM½Â8I¼ê�:

argmin
w,b,{ξn},ρ

1
2
||w||2−µρ +

1
N ∑

n
ξn,

Ù¥µ ∈ [0,1]��.ëê"��^��µ

tnyn > ρ−ξn; ξn > 0; ρ > 0.
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边界

支持向量

类边界内

类边界内

=0

>1

<1

Fig. 5.4 ��5�©¯K¥�|±�þ"é>.þÚ>.S�:§ξ = 0¶éu>.	�©

a�(�:§0 < ξ < 1¶éÙ§:§ξ ≥ 1"

ÚC-SVM�'§ù�8I¼êØI�N�wÚb�'~¦>.þ�:÷vyn =

1§
´d��Cþρ5�L>.§¿8I¼ê¥éT>.��z"

aqC-SVM§éþªA^.�KF{¦)§��Xeéó?Öµ

argmax
a
−1

2 ∑
i

∑
j

amantntmk(xn,xm),

�å^��µ

0≥ αn ≥
1
N

(5.52)

N

∑
n=1

αntn = 0 (5.53)

N

∑
n=1

αn > µ. (5.54)
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dª£5.54¤��§µ�±n)�Ôöêâ¥¤k|±�þ¤Ó'~�e."

Ïd§ÏL�½Ün�µ§��*���.E,Ý"Ó�§�±y²µ�´>

.�Ø�þ."¤¢>.�Ø§´�3>.	�¤k:£=÷vξn > 0�:¤

3��Ôö8¥¤Ó�'~ [5]"

5.6.4 SVM���eeeZZZ???ØØØ

SVM�A�

�Ù§©aì�'§SVMäkü�A�¦�§äkr��©aUåÚ2

�A^d�µ��>.©aOKÚÄuØ�{�A�N�"

Äk§��>.©aOK¦Ù'5�N´u)©a�Ø���§
�¤

kêâ"ù¦�SVM3±~�©a�Ø�8I�©a?Ö¥äk`³"�

,Logistic Regression�©aì�kaq�J§='5©a¡NC´· ��

�§���>.©aOK�����.§=vku)©a�Ø���é©a

¡�O��vkK�"ù�±l�.�`z8I�Ùw�µSVM�`z8I

¥§Ø´¤k��Ñ¬éØ�¼ê�)�z§�k3�(aO>.�	�ê

âÙξ�â´�"�§â¬é`z?Ö�8I¼ê�)�z"�é{`§�

k÷vt(wT x+b)< 1���â¬�zØ�§�zÝ�1− t(wT x+b)"ù�¯

¢�±�¤Ø�¼êXeµ

`(x, t) = max{0,1− t(wT x+b)}= [1− t(wT x+b)]+, (5.55)

Ù¥[·]+L«���¼ê"ª£5.55¤¡�Hinge Loss"Äuù�L�§

SVM�8I¼ê(5.42)�±��µ

N

∑
n=1

`(xn, tn)+λ ||w||2.

Ïd§SVM�±w�´±Hinge Loss�Ø�¼ê§¿\\��5���5©

a�."

ÄuØ�{�A�N�´SVMäkr�õU�,��­��Ï"��>

.©a�.��þ´�5�§ù��55�5���`³´äk�Û�`

)§ÏdSVM�ÔöL§�' ²�ä��.{ü�õ§5U��N´�

y"�´§ù«�55é��5�©êâéJ?n"Ø�{ÏL�OT��
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Ø¼êòêâÛª/N��A��m§3A��m¥?1�5ï�§l
4

�)û
��5êâ���>.©a�.�ï�¯K"AO­��´§��

>.©aOK4�{z
Ø�{�ínE,5§Ï��k|±�þâ¬éý

ÿ�)K�§
Ø�ÄuØ�{�Logistic Regression�.@�I��3¤k

Ôöêâ"lù��Ýþw§�±@�SVM´cãÄuØ�{��5£8

�.�DÕ��§ù�DÕ55
u��>.�ÔöOK§
ù�OKéA

�´òDÚÄuLogistic function�Ø�¼êU��ÄuHinge Loss�Ø�¼

ê"

õ©aSVM

SVM��^u�©a?Ö"XJ^�õ©a?Öþ§��~^one-

versus-the-rest�ª§�z�a�O���©aSVM§Ù���8�Ta�¹

�Ôöêâ§K��8�¤kÙ§a�Ôöêâ"�½��ÿÁ��x∗§|
^¤k©aì?1©a"XJkõ�©aìÓ�@�TêâáuÙéA�

a§�'�z�SVM�ÑÑ�§���ÑÑ��©aìéA�a�ÿÁ�

��©a"ù«'�SVMÑÑ���{¿ØU�y��©a´�(�§Ï

�ØÓSVM�ÑÑ��UØäk�'5",�«�{´éKaüü¤é�

OK(K−1)�©aì§,�æ^Ý¦{û½ÿÁ���a"ù��{O�þ

��§�Ý¦�{¿ØU�y���(©a"

Crammer� [9]�Ñ��õ©aSVM��O�{§ÙÄ�g´´Ó��

OK�©aì§¦�é?�Ôö��x§Ù��(©a¤éA�©aìÑÑ�
(JwÍpuÙ§©aì�ÑÑ"äN/§��(©aìÑÑ�(J�u¤

kÙ§©aì��>.�δ�§=Ø�)Ø�§ÄK�ÑÑ��å���O

�Ø�"ù¯¢þ=´Hinge LossØ�¼ê"

^u£8?Ö�SVM

SVM��´^u©a?Ö�§�Hinge Loss�g´Ó��^u£8?Ö"

�SVM='5©a¡NC�)· �Ôö��:aq§3£8?Ö¥§·�

�±�\'5�l£8¥%�:§ù
:é£8�Ø�z��§
é@
3

£8­�NC�:�Ø��Ä"

±IO�5£8?Ö�~§Ù���å�Ø�¼ê�½Â�µ
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1
2

N

∑
n=1
{yn− tn}2 +

λ

2
||w||2,

Ù¥yn = wT xn ��.éxn�£8�"�±òþª¥���Ø�^Hinge

LossO�:

N

∑
n=1

[|yn− tn|− ε]++
λ

2
||w||2,

Ù¥ε�ØO\Ø��>.��"éþª?1`z§=���ÄuHing

Loss�£8�."�IO�5�.aq§T�.Ó��±�¤Ø¼ê/ª§

l
é��5êâ3N��mp?1�5ï�"

5.7 �'�þÅ

c¡J�L§SVM�±@�´ÄuØ�{�Logistic Regression�Hinge

Loss��"ù«ÄuHinge Loss�DÕï��{��þ´±ål�IOÀJ

|±�þ§Ïd"�VÇ¿Â",�«¼�DÕ�þ��{´Äu��dµ

e�gÄ�'5uÿ£Automatic Relevance Detection§ARD¤"ÏLARD��

�DÕØ�.¡��'�þÅ£Relevance Vector Machine§RVM¤"

·�±£8?Ö�~5í�RVM"��{ü��5£8�.�±��µ

t = wT
φφφ(x)+ ε,

XJ·�éëêwÚ\pdk�p(w)∼ N(0,α−1I) ,K����d�5£8�

."XJ·�éØÓA��ÝÚ\ØÓ�pdk�§=:

p(wi)∼ N(0,α−1
i ),

¿éαi���q,�O§K�?ÖÃ'�αiòª�Ã¡�"Ã¡��αi ¿�

Xφi(x)éA�ëêwi�r���30:NC§Ïdφi(x)òØéýÿ�)K�"
ù��{¡�DÕ��d�{ [27]"ÏLù��{§@
éýÿÃ'�A�

¬�gÄuÿÑ5§Ïd¡�gÄ�'5uÿ£ARD¤"

XJ·�òφi(x)½Â�¤kÔö��þ§=φi(x) = k(xi,x)§Ù¥k(·, ·)
´?¿����¼ê§KÏLþãDÕ��d�{§¬gÄÀÑ�ýÿ?Ö

�'�Ôö��§|¤�'�þ8§3?1ýÿ�=I��'�þ8¥��

�?1Ø¼êO�"ù¯¢þ�SVMÀJ|±�þäkaqg´§�ØL
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^�'�þ�O
|±�þ§Ïd¡��'�þÅ£RVM¤"RVMÚSVMä

kéõ�q5§Ñ´ÀJÔö���f85�Ì~�ýÿ��O�E,5§

Ïd�±Ú¡DÕ5Ø�{"RVM��.��Ï~�uSVM"

Ú£8?Öaq§RVM��±^u©a?Ö§ÙÄ�g´�´aq�µ

ÄuLogistic Regression�.y = σ(∑N
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