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This lecture series study the algorithms for the following problems

• Convex Optimization. min{f(x)|x ∈ X}, f convex function, X convex set.

• Variational Inequality. u ∈ Ω, (u′ − u)TF (u) ≥ 0, ∀u′ ∈ Ω

• min-max problem min
x∈X

max
y∈Y
{L(x, y) = θ1(x)− yTAx− θ2(y)}

• Constrained Convex Optimization min{θ(x)|Ax = b (or ≥ b), x ∈ X}

• Separable COP min{θ1(x) + θ2(y)|Ax+By = b, x ∈ X , y ∈ Y}

• Multi-blocks separable convex optimization problems

min{θ1(x)+θ2(y)+θ3(z)|Ax+By+Cz = b, x ∈ X , y ∈ Y, z ∈ Z}

C©Ø�ªÚ�C:�{´·��ü�{�.

C©Ø�ª(VI)´\f÷ì�êÆL�/ª
�C:�{(PPA)´ÚÚ�E­S­��¦)�{.
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♣ 1�Ü©´'uÝKÂ �{�¡�ó�.� Ω ⊂ <n´��4à8, F

´l <n�g�����f,C©Ø�ª¯K VI(Ω, F ),´¦ u∗,¦�

u∗ ∈ Ω, (u− u∗)TF (u∗) ≥ 0, ∀u ∈ Ω.

ÝKÂ �{�Ä�ö�´ÏLÝK

ũk = PΩ[uk − βF (uk)]
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Jøýÿ: ũk¿dd�)ål¼ê�eü��,���)�#S�:?�

Ú�)8 Ω∗�C.éÝKÂ �{�ïÄ,·�©ªJ¦{²Ú���K.

��Ú�µe,��Ì)��,n�Ä�Ø�ª.ØÓ��,¾�^�ÓÚ�,

ga{©q Û.ÝKÂ �{�¶¡�g3 SpringerÑ��1975cÑ��

BlumÚ Oettli��©;Í,ü �öÑ´�i­�Æ�Æ¬, Oettli)cQ´
Math. Programming�?�.Ñué{¤�¹�Úéc<ó���­,�â�

{�ÝKÂ A�,·�/^
 BlumÚ OettliÖ¥��{¶¡.

ù�Ü©���üùïÄ�{�Âñ�Ç,ÐÆö�±aLù
SN.

ÝKÂ �{��
�) UC BerkeleyO�ÅX M. I. Jordan�Ç (Jordan
�Ç´ÅìÆS.�kK��{I�Æ�Úó§��¬, 2018c­.êÆ[

�¬������w<)3S�Æö3ÅìÆS¥A^.·���
��[

��O�{K�¦�/�,�'�½n��?¦�Ø©�N¹.IS,Ø
¥

��ñè¤��Eó�öòÝKÂ �{¤õ^uNõñèó§¯K�¦

)±	,ùa�{��¤õA^�Åì<�$Ä5yÚ¢���¥.

♣ 1�Ü©´'uC©Ø�ªµee��C: (PPA)�{.·�é�5�å

�à`z¯K

min{θ(x)|Ax = b (or ≥ b), x ∈ X}
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Ú? Lagrange¦f λ,ò¦ Lagrange¼ê

L(x, λ) = θ(x)− λT (Ax− b)}

3 Ω = X × Λ�Q: (x∗, λ∗).¦ Lagrange¼ê�Q:�du¦C©Ø�ª

u∗ ∈ Ω, θ(x)− θ(x∗) + (u− u∗)TF (u∗) ≥ 0, ∀ u ∈ Ω

�),Ù¥

u =

(
x

λ

)
, F (u) =

(
−ATλ

Ax− b

)
, Ω = X × Λ.

,�3C©Ø�ªµee�E�C:�{.ù«�{3?n�.(�5`z

¯K��`�5,��ã�Æ.�5�õ�Æö@�.·� 2012c3 SIAM J.
Imaging Science�©Ù,ÐvÒ��
î{Æö3¦�=òuL�Ø©¥Ú

^. A. Chambolle£Chambolle´3ã�Æ+�ékK��Æö¤Ú T. Pock�
©Ù¥Ò`�, He and Yuan� PPA/ª,4�/{z
Âñ5©Û (which
greatly simplified the convergence analysis),¡���� elegant interpretation.

d	,�
{I¶�Ñk�cÆö'5·��ó�,æ^·�JÑ�C©Ø�

ªµe?n¯K. S. Becker (E. Candes�Æ))3¦���Ø©¥�1�é{
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Ò` Recent works such as [HY12] have proposed a very simple yet powerful
technique for analyzing optimization methods,��´·� 2012cuL3SIAM
J. Imaging Scienceþ�ùaó�.

♣ 1nÜ©�Ê�ùÂ´'u�O��{ (ADMM) . ADMM?n�´äk�
©l(���ª�åà`z¯K

min {θ1(x) + θ2(y) |Ax+By = b, x ∈ X , y ∈ Y}

Ú? Lagrange¦f λ,¯K� Lagrange¼ê´½Â3Ω = X ×Y ×<mþ�

L(x, y, λ) = θ1(x) + θ2(y)− λT (Ax+By − b).

¦ Lagrange¼ê�Q: w∗ = (x∗, y∗, λ∗)Ò�du¦C©Ø�ª�)

w∗ ∈ Ω, θ(u)− θ(u∗) + (w − w∗)TF (w∗) ≥ 0, ∀ w ∈ Ω,

Ù¥ θ(u) = θ1(x) + θ2(y),

w =


x

y

λ

 , u =

 x

y

 F (w)=


−ATλ

−BTλ

Ax+By − b

 .
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3Â �{µeeïÄ�O��{´·�l 1997cÒm©���Ì�ïÄ

�K,¦+��·�Xú�´+n�Æ¥�C©Ø�ª. ADMM�C�õc
5¤�&E�Æ!ÅìÆS¥���~k^�9�óä.·�3 2000c©

Ù¥'u�O��{¥ëêÀJ�N'OK,� Stanford�Æ S. Boyd�Ç
(Boyd�Ç´{Ió§��¬, 2006c­.êÆ[�¬���w<, 2017c

�À�¥Ió§�	7�¬ )3 2010c���nã©Ù¥¡���{ü


k��úª (A simple scheme that often works well),é·��©Û�â��

{�0�.¦�Ccmu�à`z¦)ì SnapVX�`²©Ù¥�5²ë�

·��N'{K. 2012c±5,·�uL
 PPA¿Â� ADMMÚé¡/ª
� ADMM.'u�O��{Âñ�Ç�©Ù,©OuL3 SIAM Numer. Anal.
Ú Numer. Mathematik�k��K��êÆÏrþ.

♣ 1oÜ©´'uõ¬�©là`z�©�Â �{.�O��{?n�

´¹ü¬�©l(��¯K,éu�Lü¬�à`z¯K,±n¬�¯K

min{θ1(x) + θ2(y) + θ3(z)|Ax+By + Cz = b, x ∈ X , y ∈ Y, z ∈ Z}

�~,æ^��í2��O��{�,�J�1,�´nØþØU�yÂñ.

�¦)õ¬�©l(��à`z¯K,·�JÑ
�
?�� ADMMa�{.

ù
?���{Ñé¯KØ�?Û£~X¼êrà,vÏf���¡¤��
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¦,ù��uò^
 ADMM�{�¤kÐ5�.k'�{©OuL3 SIAM
Optim.Ú IMA Numer. Anal.�rÔ.k��{®²� UCLA� S. Osher�Ç
£Osher´{Ió§��¬,üg­.êÆ[�¬���w<,�´ 2014c

­.êÆ[�¬pdø�Ì¤Ú¦�Ü�ö^3�KÝ
©)Úü�¯K

þ.¦��©Ùs������Ì0�XÛò·���{^5¦)¦��ä

N¯K,�Ñ (The method proposed by He, Tao and Yuan is appropriate for this
application).���ù`²,ù
�{ÑáuÓ���{µe.

�`z´���/í�A^Æ�" Ú�µe,��·��é¯K�O

�{,��Ï·�{z�{�Âñ5y². nØk
�y,��O��y.

ºk¤á,�k¤�.vk���{´é¤k�¯KÑ´�Ð�¦)�Y.

gC�
ê�¢�,õ�:O�²�,âU�ÐÆö�
kd��ë�¿�.

♣ lïÄÑu:m©,0�Â �{�Ä��n"©eZ�Ù,é¯Ka.

ÚÌ��{�
În"!¯K,`�{,ùA^,�Ä��~,�N{ü§S"

�^Ì�,���ª"ÖÃ���{,n)�¡��ÙÒØ�2¤õ�åí"

One algorithm framework should be flexible enough to solve many problems !
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à`zÚüNC©Ø�ª�Â �{¨8¹

1�Ü©:üNC©Ø�ª�¦)�{

1�ù C©Ø�ª´A^êÆ¥Nõ¯K�Ú�Lã�ª

1�ù n�Ä�Ø�ªÚC©Ø�ª�ÝKÂ �{

1nù üNC©Ø�ªÂ �{¥�üéÌ)�{

1où ∗�5üNC©Ø�ªÝKÂ �{�Âñ�Ç

1Êù ∗��5üNC©Ø�ªÝKÂ �{�Âñ�Ç

1�Ü©:à`z¯K {min θ(x)|Ax = b, x ∈ X}�¦)�{

18ù ��5�åà`z¯K½�� PPA�{9ÙA^

1Ôù �5�åà`z¯KÄutµ PPA�Â �{
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1lù ÄuO2 Lagrange¦f{� PPAÂ �{

1Êù ÄuLVI -PC�{¦)EÜà`z�Â �{

1�ù ÄuFÝÝK¦)à`z�Â �{Úeü�{

1nÜ©:à`z¯Kmin
{
θ1(x) + θ2(y)

∣∣∣Ax+By = b
x ∈ X, y ∈ Y

}
��O��{

1��ù (�.`z��O��{(ADMM)

1��ù �5z��O��Â �{ (Linearized ADMM)

1�nù ½� PPA¿Âe��O��{9Ù�5z�{

1�où gCþ x-y/ ²��é¡.z�O��{

1�Êù 3Ú�µeeïÄ�O��{�Âñ�Ç
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1oÜ©:õ��©l�fà`z¯K�{ü���©��{

1�8ù n¬�©là`z¯K�²1©� ALM¦f{

1�Ôù n¬�©là`z¯K�ÑkUÄ��O��{

1�lù õ¬�©là`z�pd£���O���{

1�Êù õ¬�©là`z¯KÜ©²1�Kz��O��{

1��ù C©Ø�ª¿Âeà`z©�Â �{�Ú�µe

��ÖØ� ∗��Ù.©)ü$JÝ,�Ürº��,´TX�ùÂ�Ì�g�.

Ã
C©Ø�ª�Ä�Vg,éà`zÂ �{��OÚÂñ5©Ûék�Ï.

Ã
C©Ø�ª�Ä�Vg,éà`zÂ �{��OÚÂñ5©Ûék�Ï.

Ð�`z�{,AT´N´�ó§��Ýº,gC^5)û¯K��{.

��'Æ�¤^,T´·�l¯`z�{ïÄ��0J¦.

Ç<±~,ØXÇ<±�.kI¦�Öö,úúÖe�,ATU
Ã�gÏ.


