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Abstract

This paper considers the problem of convex stochastic optimization with separable

variables. We propose a stochastic alternating direction method of multipliers (AD-

MM) algorithm to solve this convex stochastic optimization problem. The algorithm

can be roughly regarded as a combination of ADMM and adaptive step stochastic

reduced gradient algorithm (SVRG-BB). BB step size is used to realize the adaptive

step size selection by SVRG-ADMM method, without decreasing step size or manu-

ally adjusting step size. Under general assumptions, the convergence of the algorithm

is proved. Finally, numerical experiments are given to show the effectiveness of the

algorithm.
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1. 0�

�Å`z´�ar��`zóä§^u)ûÅìÆS!�ª£OÚO�ÅÀú¥��5�¯

K [1]"~X§�ÅFÝeü´)û±e`z¯K�k��{§ù´ÅìÆS�Ä:"�©�Ä±

e`z¯K:

min
x,y

f(x) + g(y)

s.t. Ax+By = c,
(1)

Ù¥x ∈ Rd, y ∈ Rp, f(x) ´1wà¼ê§g(y) ´à¼ê§��U�1w§¿�kA ∈ Rd×q, B ∈
Rq×p§c ∈ Rq L«�½�Ý
Ú�þ"

éuNõÅìÆS¯K§f(x)Ï~´'uêâ���¼ê§
g(x) ´���.E,5½Jø

'u)û�Y�k�&E��Kz¼ê [2]"éuù«¯K§·��Xeb�µ

f(x) = EF (x; ξ), (2)
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Ù¥F (x; ξ)´��±�Åêξ��¢Ú�¼ê"éuDÚ�ÅìÆS§êâÏ~´k��"XJz

�f¼êÑL«�fi(x)§Kf(x)äk±e/ª [3]:

f(x) =
1

n

n∑
i=1

fi(x), (3)

Ù¥n���oê§z�fi(x)�éAu1i�êâ�����¼ê"�nk��§�ä�L5�~

f´²�ºx��z¯K"3¢SA^¥§n��±´Ã��§ù´�ÊH��¹"�n�~��§

¼�°(�f(x)½ÙFÝ∇f(x)3O�þ�U´[B�§$�3nÃ��´A�Ã{O�"�
?

nùa�5�¯K§~^��{´¦^��½A��ÅÀJ���5�O8I¼ê½�FÝ��§

ù«�{¡��Å�{"�ÅFÝeü�{(stochastic gradient descent, SGD) [4]3zgS�¥�

O��ÅÀ����½�1þ���FÝ§
Ø´O�¤k���FÝ§ÏdzgS��E,Ý

ü$éõ"¦+�ÅFÝ�{äk�*Ð5§�du�ÅL§¥�3��§�ÅFÝ'1?nF

ÝD(�� [5]"Ïd§�X�ÅFÝeü�{¥�S�§Ú�I�Åì~�½öÃÄN!Ú�§

��Âñ�ÝCú"

�
ü$��§CÏmu
A«~����CN"Shalev - schwartz ÚZhangJÑ
�ÅV

�Iþ,(Stochastic Dual Coordinate Ascent, SDCA) [6]§¿L²ùa�{äk�SGD ��½�

Ð�nØ�y"�Å²þFÝ{(SAG) [7] P¹�cO��¤k�ÅFÝ§,��#O���Å

FÝ?1²þ§��e��FÝ�O§l
~���"Defazio �< [8]éSAG ?1
U?§JÑ


SAGA�{§SAGA�{���wÍ`:´�±��¦)�rà¯K§ü«�{3·�^�eÑ

�±¢y�5Âñ§�I��;FÝ&E§m���"JohnsonÚZhang [9]JÑ
�Å��~�F

Ý(SVRG)�{§T�{ÏL±Ï5���FÝ
Ø�;FÝ&E5~���§T�{kü�Ì

�§	Ì�O��FÝ§SÌ�O�������ÅFÝ"�´SVRG3¢S$^�§�
�y

ÂñÇ§I�Åì~��Ú�½öÃÄN!Ú�§ù�ïÄ�5
éõØB"�
Ú��¡�"

:§�
ïÄöòBarzilai-Borwein (BB) �{ [10]��ÅFÝ�{�(Ü§¢y
gÄÀJÚ�"

[11]�ïÄ�)SVRG-BB ÚSGD-BB" [12]JÑ
SVRG-TR-BB ÚmSVRG-TR-BB"ê�¢�L

²§(ÜBBÚ���ÅFÝ�{äkûÐ�5U"

ADMM´�«k��`zóä§du�¯KäkCþ�©l�`³§T�.3ÅìÆS!�

ª£O!O�ÅÀú�Ãõ+���
2��A^ [13]"NõïÄö�åuU?ADMM �{§¿

mu
�
·Ü¦)�5�`z¯K��ÅADMM�{"Wang and Banerjee!SuzukiÚOuyang�

< [14] [15] mu
�
3�½�ÅADMM �{",
§ù
�{�3Âñ�Ýú�":"Cc

5§�
Jp�{�Âñ�Ý§JÑ
�
\���Åadmm"S. shalev - schwartz�< [16] J

Ñ
SDCD-ADMM �{§3·�^�e�±¢y�5Âñ"ZhongÚKwokJÑ�SAG-ADMM

[17]�{ÏLO�²þFÝ�y
Âñ�Ý§ü$
O�E,Ý"ZhengÚKwokmu
SVRG-

ADMM [18]§T�{3ØI���c�FÝÚéóCþO\�	�m��¹e¢y
�¯�Âñ

�Ý"ASVRG-ADMM [19] [20] �Äþ\�Eâ(ÜJÑ"ù
�r¦·�ò�Å�{8¤�¦

{ì��O���{(ADMM)¥§±Jp�ÅADMM �{�5U"3ù
ïÄ�éue§·�J

Ñ
�«g·AÀ�Ú���Å�O��¦f{§(ÜSVRG-BB�{§^u¦)�5�à�Å`

z¯K§·¶�SVRG-BB-ADMM§3���b�^�e§·�y²
T�{äk�5Âñ�Ý"

ê�(JL²§T�{´k��"
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2. �{

3�!¥§Äk0�
SVRG-BB�{§��§·�JÑ
SVRG-BB-ADMM �{§¿)º


§��
A5"SVRG-BB�{Xe§

�{2.1 SVRG-BB

0. �½x̃0§Ð©Ú�η0§�#ªÇm.

1. for s = 0, 1, ...do

2. D�zs = 1
n

∑n
i=1∇fi(x̃s)

3. if s > 0 then

4. ηs = 1
m
‖x̃s − x̃s−1‖22/(x̃s − x̃s−1)T (zs − zs−1)

5. end if

6. x0 = x̃s

7. for t = 0, ...,m− 1 do

8. Randomly pick it ∈ {1, ..., n}
9. xt+1 = xt − ηs(∇fit(xt)−∇fit(x̃s) + zs)

10. end for

11. x̃s+1 = xm

12. end for

3SVRG-BB�{¥§¦^BB�{O�Ú�ηs§¢y
SVRG�{g·AÀJÚ�"(ÜSVRG-

BB�{§·�JÑ
Xe�SVRG-BB-ADMM�{§

�{2.1 SVRG-BB-ADMM

0. �½x̃0, ỹ0, and µ̃0 = 1
ρ
(AT )†∇f(x̃0)§Ð©Ú�η0§�#ªÇm§vëêρ > 0.

1. for s = 0, 1, ...do

2. D�x̃ = x̃s−1;x0 = x̃s−1;

3. y0 = ỹs−1;µ0 = µ̃s−1;

4. zs = 1
n

∑n
i=1∇fi(x̃k)

5. if s > 0

6. ηs = 1
m
‖x̃s − x̃s−1‖22/(x̃s − x̃s−1)T (zs − zs−1)

7. end if

8. for t = 1, 2, ...,m do

9. yt = arg min
y

(
g(y) + ρ

2
‖Axt−1 +By − c+ µt−1‖2

)
10. xt = arg min

x

(
∇̃f(xt−1)

T
x+ ρ

2
‖Ax+Byt − c+ µt−1‖2 + ‖x−xt−1‖2G

2ηs

)
11. µt = µt−1 +Axt +Byt − c
12. end for

13. x̃s+1 = xm; ỹs+1 = ym; µ̃s = 1
ρ
(AT )†∇f(x̃s);

14. end for

DOI: 10.12677/aam.2023.129401 4093 A^êÆ?Ð

https://doi.org/10.12677/aam.2023.129401


o·§Åû

²;ADMM�{��æ^±eO2.�KF¼ê¦):

Lt(x, y, µ) = f(xt) + g(y) + 〈Ax+By − c, µ〉+
ρ

2
‖Ax+By − c+ µt−1‖2

Ù¥, ρ > 0 ´vëê§µ ´éóCþ"3tgS�¥§ADMM ��#�ªXe:

xt = arg min
x

(
f(x) + g(yt−1) + 〈ρt−1, Ax+Byt−1 − c〉+

ρ

2
‖Ax+Byt−1 − c‖2

)
,

yt = arg min
y

(
f(xt) + g(y) + 〈ρt−1, Axt +By − c〉+

ρ

2
‖Axt +By − c‖2

)
,

µt = µt−1 +Axt +Byt − c.

�Ä�ÅADMM�{§½ÂCqO2.�KFþ:

L̂t(x, y, µ) = f(xt) + 〈∇f(xt), x− xt〉+ g(y) +
ρ

2
‖Ax+By − c+

1

ρ
µ‖2 +

1

2ηt+1

‖x− xt‖2

3�{¥§·�¦^e¡�úª5�#xt, ytÚµt:

yt = arg min
y

(
g(y) +

ρ

2
‖Axt−1 +By − c+ µt−1‖2

)
,

xt = arg min
x

(
vt−1

Tx+
ρ

2
‖Ax+Byt − c+ µt−1‖2 +

‖x− xt−1‖2G
2ηs

)
,

µt = µt−1 +Axt +Byt − c.

Ù¥§vt−1 = ∇̃f(xt−1) = ∇fit(xt−1)−∇fit(x̃+ zs

�ATAé��§TÝ
��;�UE,�3¯K"�UõT¯K§~^��{´�5z

[?],-G = γI − ηρATA§�(�G � I§�γ > γmin ≡ ηρ‖ATA‖+ 1"

éuCþx, ‖x‖Ù´`2-�ê, �‖x‖G =
√
xTGx.

3. Âñ5©Û

�Ü©Äk�Ñ�{�Âñ5©Û"

b�3.1 �z�fi´ëY�!��à¼ê§�FÝ�L-oÊF]ëY�§=§�3Li > 0 ¦�é

?¿�xi, xj§keª¤á

fi(xj) 6 fi(xi) +∇fi(xi)T (xj − xi) +
Li
2
‖xi − xj‖2
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b�3.2 �(x∗, y∗)´�¯K��`)§µ∗´éA�éó)"3�k�¹e§keª¤á

∇f(x∗) + ρATµ∗ = 0,

g′(y∗) + ρBTµ∗ = 0

Ax∗ +By∗ = c

b�3.3 ¼êfrà§=é¤k�xi, xj§k

f(xi) > f(xj) +∇f(xj)
T (xi − xj) +

λf
2
‖xi − xj‖2

b�3.4 �Ý
A1÷�"

Ún3.1 Ú�ηs�þ.�
1

mλf
.

y² |^¼êf�rà5§´��BBÚ�þ.Xeª¤«§

ηs =
1

m
· ‖x̃s − x̃s−1‖22

(x̃s − x̃s−1)T (zs − zs−1)

6
1

m
· ‖x̃s − x̃s−1‖

2
2

λf‖x̃s − x̃s−1‖22

=
1

mλf

Ún3.2 ∇̃f(xt−1)���þ.�µ

E‖∇̃f(xt−1)−∇f(xt−1)‖2

6 4Lmax(f(xt−1) + f(x̃)− 2f(x∗)−∇f(x∗)
T (xt−1 + x̃− 2x∗))

Ù¥§Lmax = maxiLi.

y²

E‖∇̃f(xt−1)−∇f(xt−1)‖2

= E‖∇fit(xt−1)−∇fit(x̃)− (∇f(xt−1)−∇f(x̃))‖2

= E‖∇fit(xt−1)−∇fit(x̃)‖2 − ‖∇f(xt−1)−∇f(x̃)‖2

6 E‖∇fit(xt−1)−∇fit(x̃)‖2

6 2E‖∇fit(xt−1)−∇fit(x∗)‖2 + 2E‖∇fit(x̃)−∇fit(x∗)‖2

= 2
n∑
i=1

1

n
‖∇fi(xt−1)−∇fi(x∗)‖2 + E‖∇fi(x̃)− fi(x∗)‖2

6 4Lmax(f(xt−1) + f(x̃)− 2f(x∗)−∇f(x∗)
T (xt−1 + x̃− 2x∗))

Ù¥§1n��ª¥§$^
úªE‖xi−Exi‖2 = E‖xi‖2−‖Exi‖2§1��Ø�ª$^
‖a+b‖2 6
2‖a‖2 + ‖b‖2§����Ø�ªæ^
 [22]¥ 1

n

∑n
i=1 ‖∇fi(x)−∇fi(x∗)‖22 6 2Lmax(f(x)− f(x∗)−

∇f(x∗)
T (x− x∗)).

DOI: 10.12677/aam.2023.129401 4095 A^êÆ?Ð

https://doi.org/10.12677/aam.2023.129401


o·§Åû

Ún3.3 �0 6 η 6 min{ 1
λf
, 1
λf
}�§keª¤á§

f(x) + qt(x− xt)

> f(xt) + ϕTt (x− xt−1) +
ηs
2
‖ϕt‖2G−1 + (∇̃f(xt−1))−∇f(xt−1))

T (xt − x)

y² Äk§�Äxt��#:

∇̃f(xt−1)
T
x+

ρ

2
‖Ax+Byt − c+ µt−1‖2 +

‖x− xt−1‖2G
2ηs

Ù¥∇̃f(xt−1) = ∇fit(xt−1)−∇fit(x̃+ zs§¦x3xt?��ê��µ

ϕt +
1

ηs
G(xt − xt−1) = 0

Ù¥§

ϕt = ∇̃f(xt−1) + qt

qt = ρAT (Axt +Byt − c+ µt−1)

Ïd§S��±­��Xe/ªµ

xt = xt1 − ηsG−1ϕt

�Äeª§df�à59ÙFÝoÊF[ëY5k

f(x) + qt(x− xt)

> f(xt−1) +∇f(xt−1)
T (x− xt−1) + qt(x− xt)

> f(xt)−∇f(xt−1)
T (xt − xt−1)−

Lf
2
‖x− xt−1‖2 +∇f(xt−1)

T (xt − xt−1) + qt(x− xt)

> f(xt)−∇f(xt−1)
T (xt − xt−1)−

Lf
2
‖x− xt−1‖2G +∇f(xt−1)

T (xt − xt−1) + qt(x− xt)

= f(xt)−∇f(xt−1)
T (xt − xt−1)−

η2sLf
2
‖ϕt‖2G−1 +∇f(xt−1)

T (xt − xt−1) + qt(x− xt)

= f(xt) +∇f(xt−1)
T (x− xt) + (ϕt − ∇̃f(xt−1))

T (x− xt)−
η2sLf

2
‖ϕt‖2G−1

= f(xt) + ϕTt (x− xt−1 + xt−1 − xt) + (∇̃f(xt−1))−∇f(xt−1))
T (xt − x)− η2sLf

2
‖ϕt‖2G−1

= f(xt) + ϕTt (x− xt−1) + ηs‖ϕt‖2G−1 + (∇̃f(xt−1))−∇f(xt−1))
T (xt − x)− η2sLf

2
‖ϕt‖2G−1

> f(xt) + ϕTt (x− xt−1) +
ηs
2

(2− ηsLf )‖ϕt‖2G−1 + (∇̃f(xt−1))−∇f(xt−1))
T (xt − x)

> f(xt) + ϕTt (x− xt−1) +
ηs
2
‖ϕt‖2G−1 + (∇̃f(xt−1))−∇f(xt−1))

T (xt − x)
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Ún3.4 dug´à¼ê§keª¤á§

E[g(yt)− g(y∗)− g′(y∗)T (yt − y∗) + (BTρ(µt − µ∗))T (yt − y∗)]

6
ρ

2
E[‖Axt−1 +By∗ − c‖2 − ‖Axt +By∗ − c‖2 + ‖µt − µt−1‖2]

y² dug´à¼ê§·�k

g(yt)− g(y∗) 6 g′(yt)
T (yt − y∗)

= −(ρBT (Axt−1 +Byt − c+ µt−1))
T (yt − y∗)

= −(ρBT (Axt−1 +Byt − c+ µt −Axt −Byt + c))T (yt − y∗)

= −(ρBTµt)
T (yt − y∗) + ρATB(xt − xt−1)T (yt − y∗)

= −(ρBTµt)
T (yt − y∗) +

ρ

2
(‖Axt−1 +By∗ − c‖2 − ‖Axt +By∗ − c‖2)

+
ρ

2
(‖Axt +Byt − c‖2 − ‖Axt−1 +Byt − c‖2)

6 −(ρBTµt)
T (yt − y∗) +

ρ

2
(‖Axt−1 +By∗ − c‖2 − ‖Axt +By∗ − c‖2)

+
ρ

2
‖µt − µt−1‖2

Ïd§�±��

g(yt)− g(y∗) + (ρBTµt)
T (yt − y∗)

6
ρ

2
(‖Axt−1 +By∗ − c‖2 − ‖Axt +By∗ − c‖2) +

ρ

2
‖µt − µt−1‖2

�ÄØ�ª�>k

g(yt)− g(y∗) + (ρBTµt)
T (yt − y∗)

= g(yt)− g(y∗) + (ρBT (µt − µ∗))T (yt − y∗) + (ρBTµ∗)
T (yt − y∗)

= g(yt)− g(y∗) + (ρBT (µt − µ∗))T (yt − y∗)− g′(y∗)T (yt − y∗)

�Ï"=���(J"

Ún3.5

E[−(Axt +Byt − c)Tρ(µt − µ∗)] =
ρ

2
E[‖µt−1 − µ∗‖2 − ‖µt − µ∗‖2 − ‖µt − µt−1‖2]

y² dS�µt = µt−1 +Axt +Byt − c§·�k

−(Axt +Byt − c)Tρ(µt − µ∗) = ρ(µt−1 − µt)T (µt − µ∗)

=
ρ

2
(‖µt−1 − µ∗‖2 − ‖µt − µ∗‖2 − ‖µt − µt−1‖2)

�Ï"=���(J"
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½n3.6 -

ε =
‖G+ ηρATA‖

λfηm(1− 4ηLmax)
+

4η(m+ 1)Lmax
m(1− 4ηLmax)

+
λf‖A†(A†)T‖

ρm(1− 4ηLmax)
.

À�0 < η < min{ 1
Lf
, 1
4Lmax

}, ¿�S��gêv
�§¦�ε < 1. @ok

ER(x̃s, ỹs) 6 εsR(x̃0, ỹ0).

y² |^Ún3.3§·�k

‖xt − x∗‖2G = ‖xt−1 − ηsG−1ϕt − x∗‖2G
= ‖xt−1 − x∗‖2G + η2s‖ϕt‖2G−1 − 2ηs(xt−1 − x∗)Tϕt
6 ‖xt−1 − x∗‖2G − 2ηs(f(xt)− f(x∗))− 2ηs(vt−1 −∇f(xt−1))

T (xt − x∗)

+ 2ηsq
T
t (x∗ − xt)

�Ä−2ηs(∇̃f(xt−1)−∇f(xt−1))
T (xt − x∗). ½ÂXeà¼ê

χt(x) =
ρ

2
‖Ax+Byt − c+ µt−1‖2 +

1

2ηs
‖x− xt−1‖2G−I

9

x = proxηsχt
(xt−1 − ηs∇f(xt−1)),

Ù¥§proxηsχt
(y) = minx ηsχt(x) + 1

2
‖x− y‖2 ´Cà�f"5¿�:

xt = proxηsχt
(xt−1 − ηs∇̃f(xt−1)),

du

xt = arg min
x

(
∇̃f(xt−1)

T
x+

ρ

2
‖Ax+Byt − c+ µt−1‖2 +

‖x− xt−1‖2G
2ηs

)
= arg min

x

(
ηs∇̃f(xt−1)

T
x+

ηsρ

2
‖Ax+Byt − c+ µt−1‖2 +

‖x− xt−1‖2G−I
2

+
‖x− xt−1‖2

2

)
= arg min

x

(
ηsχt(x) +

1

2
‖x− (xt−1 − ηs∇̃f(xt−1))‖2

)
�±��

−2ηs(∇̃f(xt−1)−∇f(xt−1))
T (xt − x∗)

= −2ηs(∇̃f(xt−1)−∇f(xt−1))
T (xt − x)− 2ηs(∇̃f(xt−1)−∇f(xt−1))

T (x− x∗)

6 2ηs‖∇̃f(xt−1)−∇f(xt−1)‖‖xt − x‖ − 2ηs(∇̃f(xt−1)−∇f(xt−1))
T (x− x∗)

6 2ηs‖∇̃f(xt−1)−∇f(xt−1)‖‖(xt−1 − ηs∇̃f(xt−1))− (xt−1 − ηs∇f(xt−1))‖

− 2ηs(∇̃f(xt−1)−∇f(xt−1))
T (x− x∗)

= 2η2s‖∇̃f(xt−1)−∇f(xt−1)‖2 − 2ηs(∇̃f(xt−1)−∇f(xt−1))
T (x− x∗)
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31��Ø�ª¥¦^�Ü-��]Ø�ª, 31��Ø�ª¥§·�|^
Cà�f�5�"nÜ

±þ(J§��

‖xt − x∗‖2G − 2ηsq
T
t (x∗ − xt)

6 ‖xt−1 − x∗‖2G − 2ηs(f(xt)− f(x∗)) + 2η2s‖∇̃f(xt−1)−∇f(xt−1)‖2

− 2ηs(∇̃f(xt−1)−∇f(xt−1))
T (x− x∗)

dÃ �O§kE[∇̃f(xt−1)] = ∇f(xt)"�Ï"§·�k

E[‖xt − x∗‖2G − 2ηsq
T
t (x∗ − xt)]

6 ‖xt−1 − x∗‖2G − 2ηs(Ef(xt)− f(x∗)) + 2η2sE‖∇̃f(xt−1)−∇f(xt−1)‖2

6 ‖xt−1 − x∗‖2G − 2ηs(Ef(xt)− f(x∗))

+ 8η2sLmax(f(xt−1) + f(x̃)− 2f(x∗)−∇f(x∗)
T (xt−1 + x̃− 2x∗))

£�¿�Ï"§·���

2ηsE[f(xt)− f(x∗)− qTt (x∗ − xt)]

6 E‖xt−1 − x∗‖2G − E‖xt − x∗‖2G + 8η2Lmax(f(xt−1)− f(x∗)−∇f(x∗)
T (xt−1 − x∗))

+ 8η2Lmax(f(x̃)− f(x∗)−∇f(x∗)
T (x̃− x∗))

|^�`5^�∇f(x∗)+ρATµ∗ = 0, αt = ρAT (Axt+Byt−c+µt−1) = ρATµt§-σt = ρ(µt−µ∗)§
��

2ηsE[f(xt)− f(x∗)− αTt (x∗ − xt)]

= 2ηsE[f(xt)− f(x∗)−∇f(x∗)
T (xt − x∗)− (ρATµ∗)

T (xt − x∗)− (ρATµt)
T (x∗ − xt)]

= 2ηsE[f(xt)− f(x∗)−∇f(x∗)
T (xt − x∗)− (ATσt)

T (x∗ − xt)]

Ïd§·�k

2ηsE[f(xt)− f(x∗)−∇f(x∗)
T (xt − x∗)− (ATσt)

T (x∗ − xt)]

6 E‖xt−1 − x∗‖2G − E‖xt − x∗‖2G + 8η2sLmax(f(xt−1)− f(x∗)−∇f(x∗)
T (xt−1 − x∗))

+ 8η2Lmax(f(x̃)− f(x∗)−∇f(x∗)
T (x̃− x∗))

ét = 1, ...,m,¦Ú§|^2ηs(1− 4ηLmax) 6 2ηs§Úx0 = x̃s−1��

2ηs(1− 4ηsLmax)
m∑
i=0

E[f(xi)− f(x∗)−∇f(x∗)
T (xi − x∗)]− 2ηsE

m∑
i=0

(ATσi)
T (x∗ − xi)

6 ‖x̃s−1 − x∗‖2G − E‖xm − x∗‖2G + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)
T (x̃s−1 − x∗))

6 ‖x̃s−1 − x∗‖2G + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)
T (x̃s−1 − x∗))
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− (ATσt)
T (x∗ − xt) + (BTσt)

T (y∗ − yt)− (Axt +Byt − c)Tσt

= −(Ax∗ +By∗ − c)Tσt + (Axt −Axt +Byt −Byt)Tσt

= 0

½ÂR(x, y) = f(x) − f(x∗) −∇f(x∗)
T (x − x∗) + g(y) − g(y∗) − g′(y∗)T (y − y∗). �e5§�Ä±

eL§

2ηs(1− 4ηLmax)mER(x̃s, ỹs)

6 ‖x̃s−1 − x∗‖2G + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)
T (x̃s−1 − x∗))

+ ηsρ‖Ax̃s−1 +By∗ − c‖2 + ηsρ‖µ̃s−1 − µ∗‖2

= ‖x̃s−1 − x∗‖2G + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)
T (x̃s−1 − x∗))

+ ηsρ‖Ax̃s−1 −Ax∗‖2 + ηsρ‖µ̃s−1 − µ∗‖2

= ‖x̃s−1 − x∗‖2G+ηsρATA + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)
T (x̃s−1 − x∗))

+ ηsρ‖µ̃s−1 − µ∗‖2

6 ‖G+ ηsρA
TA‖‖x̃s−1 − x∗‖2 + 8η2s(m+ 1)Lmax(f(x̃s−1)− f(x∗)−∇f(x∗)

T (x̃s−1 − x∗))

+ ηsρ‖µ̃s−1 − µ∗‖2

6s

(
2‖G+ ηsρA

TA‖
λf

+ 8η2s(m+ 1)Lmax

)
(f(x̃s−1)− f(x∗)−∇f(x∗)

T (x̃s−1 − x∗))

+ ηsρ‖µ̃s−1 − µ∗‖2

6

(
2‖G+ ηsρA

TA‖
λf

+ 8η2s(m+ 1)Lmax

)
(f(x̃s−1)− f(x∗)−∇f(x∗)

T (x̃s−1 − x∗))

+

(
2‖G+ ηsρA

TA‖
λf

+ 8η2s(m+ 1)Lmax

)
(g(ỹs−1)− g(y∗)− g′(y∗)T (ỹs−1 − y∗))

+ ηsρ‖µ̃s−1 − µ∗‖2

=

(
2‖G+ ηsρA

TA‖
λf

+ 8η2s(m+ 1)Lmax

)
R(x̃s−1, ỹs−1) + ηsρ‖µ̃s−1 − µ∗‖2

Ï�·�b�A�1�´÷�§ÏL�#5Kµ̃s−1 = − 1
ρ
(AT )†∇f(x̃s−1)(y²�©z [17])§��

‖µ̃s−1 − µ∗‖2

=
1

ρ2
‖∇f(x̃s−1)−∇f(x∗)‖2A†(A†)T

6
2Lf‖A†(A†)T‖

ρ2
(f(x̃s−1)− f(x∗)−∇f(x∗)

T (x̃s−1 − x∗))
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Ïd§(Ü±þ(J§·�k

2ηsm(1− 4ηsLmax)ER(x̃s, ỹs)

6

(
2‖G+ ηsρA

TA‖
λf

+ 8η2s(m+ 1)Lmax +
2Lf‖A†(A†)T‖

ρ2

)
R(x̃s−1, ỹs−1)

-ε = ‖G+ηsρA
TA‖

λfηsm(1−4ηsLmax)
+ 4ηs(m+1)Lmax

m(1−4ηsLmax)
+

λf‖A†(A†)T ‖
ρm(1−4ηsLmax)

, ·�k

ER(x̃s, ỹs) 6 εsR(x̃0, ỹ0)

�{�Âñ5�y"

4. ê�¢�

�!·�3�
IOêâ8þ?1ê�¢�§¦^A«�Å`z�{¦)Ü6£8¯K§¿

3ØÓëêe'�(J§Jøê�¢�(J5y²SVRG-BB-ADMM�{�k�5"

·�32Âlasso�.

min
x

n∑
i=1

`i(x) + λ‖Ax‖1

þ?1¢�§Ù¥`i´��iþ�Ü6��§A´DÕÝ
"3¢�¥§·�¦^graph-guidedK

Ülasso§Ù¥8ÜA = [G; I]§G�DÕ_����O���ã�DÕ�ª"éuADMMúª§

·�Ú\
CþyÚ�åAx = y"¢�3o�IOêâ8þ?1(�L 1)"ù
ê�¢�´

3LIBSVM �Õþ¼��IOý¢êâ8þ?1�§L4.1Jø
êâ8��[£ã"�¹Ôö

��n!A�d Ú�Kzëêλ"¤k¢�þ3Matlab 2020b ¥?1§¢�3��SC
Windows

11ö�XÚ�)P�>Mþ?1§T>MCPU �=A�¤Hi5-12500H§Ìª�2.5GHz§S�

�16GB"

Table 1. Parameter of data sets

L 1. êâ8ëê

Dataset n d λ

ijcnn1 49, 990 22 10−3

w8a 49, 749 300 10−3

rcv1.binary 20, 242 47,236 10−2

news20 15, 935 62,061 10−5

¢�(J

ÏL3ØÓ�IOêâ8þ�ê�¢�(�ã 1)�±wÑ§·���{�y���
�Å�O

��¦f{�'äk�½�¿�å§3)û�5�ÅìÆS�¢SA^¥äk�½`³"
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Figure 1. Comparison of numerical results of SADMM, SAG-ADMM, SVRG-ADMM,
and SVRG-BB-ADMM methods on different data sets

ã 1. SADMM, SAG-ADMM, SVRG-ADMMÚSVRG-BB-ADMM3ØÓêâ8þ�ê�(J'�

5. o(

3�©¥§·�mu
�«#��Å�{§SVRG-BB-ADMM�{|^�Å ~FÝ�{~

�
�ÅFÝ���§¿$^BB�{g·AÀJÚ�"ÏLnØy²§�±wÑT�{äkûÐ

�Âñ5�­½5"3IOêâ8þ�ê�¢�L²�{3)û�5�¯K�kØ��Ly"

Ä7�8

I[g,�ÆÄ7[1OÒ11601252]§ìÀ�g,�ÆÄ7[ZR2020MA045]"

ë�©z

[1] Che, M.L., Qi, L.Q. and Wei, Y.M. (2015) Positive-Definite Tensors to Nonlinear Complemen-

tarity Problems. Journal of Optimization Theory and Applications, 168, 475-487.

DOI: 10.12677/aam.2023.129401 4102 A^êÆ?Ð

https://doi.org/10.12677/aam.2023.129401


o·§Åû

https://doi.org/10.1007/s10957-015-0773-1

[2] Schmidt, M.W., Le Roux, N. and Bach, F.R. (2013) Minimizing Finite Sums with the Stochas-

tic Average Gradient. Mathematical Programming, 162, 83-112.

https://doi.org/10.1007/s10107-016-1030-6

[3] Mairal, J., Bach, F.R., Ponce, J. and Sapiro, G. (2009) Online Dictionary Learning for S-

parse Coding. Proceedings of the 26th Annual International Conference on Machine Learning,

Montreal, 14-18 June 2009, 689-696. https://doi.org/10.1145/1553374.1553463

[4] Robbins, H.E. (1951) A Stochastic Approximation Method. Annals of Mathematical Statistics,

22, 400-407. https://doi.org/10.1214/aoms/1177729586

[5] Bottou, L., Curtis, F.E. and Nocedal, J. (2016) Optimization Methods for Large-Scale Machine

Learning. SIAM Review, 60, 223-311. https://doi.org/10.1137/16M1080173

[6] Shalev-Shwartz, S. and Zhang, T. (2013) Stochastic Dual Coordinate Ascent Methods for

Regularized Loss. Journal of Machine Learning Research, 14, 567-599.

[7] Le Roux, N., Schmidt, M.W. and Bach, F.R. (2012) A Stochastic Gradient Method with an

Exponential Convergence Rate for Finite Training Sets. NIPS.

[8] Defazio, A., Bach, F.R. and Lacoste-Julien, S. (2014) SAGA: A Fast Incremental Gradient

Method with Support for Non-Strongly Convex Composite Objectives. NIPS.

[9] Johnson, R. and Zhang, T. (2013) Accelerating Stochastic Gradient Descent Using Predictive

Variance Reduction. NIPS.

[10] Barzilai, J. and Borwein, J.M. (1988) Two-Point Step Size Gradient Methods. IMA Journal

of Numerical Analysis, 8, 141-148. https://doi.org/10.1093/imanum/8.1.141

[11] Tan, C.H., Ma, S.Q., Dai, Y.H. and Qian, Y.Q. (2016) Barzilai-Borwein Step Size for Stochastic

Gradient Descent. NIPS.

[12] Yu, T.T., Liu, X.W., Dai, Y.H. and Sun, J. (2021) Stochastic Variance Reduced Gradient

Methods Using a Trust-Region-Like Scheme. Journal of Scientific Computing, 87, Article No.

5. https://doi.org/10.1007/s10915-020-01402-x

[13] Boyd, S.P., Parikh, N., Chu, E.K.-W., Peleato, B. and Eckstein, J. (2011) Distributed Opti-

mization and Statistical Learning via the Alternating Direction Method of Multipliers. Foun-

dations and Trends in Machine Learning, 3, 1-122. https://doi.org/10.1561/2200000016

[14] Suzuki, T. (2013) Dual Averaging and Proximal Gradient Descent for Online Alternating

Direction Multiplier Method. Proceedings of the 30th International Conference on Machine

Learning, 28, 392-400. https://dl.acm.org/doi/10.5555/3042817.3042863

[15] Ouyang, H., He, N., Tran, L. and Gray, A.G. (2013) Stochastic Alternating Direction Method

of Multipliers. Proceedings of the 30th International Conference on Machine Learning, 28,

80-88. https://dl.acm.org/doi/10.5555/3042817.3042828

DOI: 10.12677/aam.2023.129401 4103 A^êÆ?Ð

https://doi.org/10.1007/s10957-015-0773-1
https://doi.org/10.1007/s10107-016-1030-6
https://doi.org/10.1145/1553374.1553463
https://doi.org/10.1214/aoms/1177729586
https://doi.org/10.1137/16M1080173
https://doi.org/10.1093/imanum/8.1.141
https://doi.org/10.1007/s10915-020-01402-x
https://doi.org/10.1561/2200000016
https://dl.acm.org/doi/10.5555/3042817.3042863
https://dl.acm.org/doi/10.5555/3042817.3042828
https://doi.org/10.12677/aam.2023.129401


o·§Åû

[16] Suzuki, T. (2014) Stochastic Dual Coordinate Ascent with Alternating Direction Method of

Multipliers. Proceedings of the 31st International Conference on Machine Learning, 32, 736-

744. https://dl.acm.org/doi/10.5555/3044805.3044889

[17] Zhong, W.L. and Kwok, J. (2013) Fast Stochastic Alternating Direction Method of Multipliers.

Proceedings of the 31st International Conference on Machine Learning, 32, 46-54.

[18] Zheng, S. and Kwok, J.T.-Y. (2016) Fast-and-Light Stochastic ADMM. Proceedings of the

Twenty-Fifth International Joint Conference on Artificial Intelligence, 2407-2413.

https://dl.acm.org/doi/10.5555/3060832.3060958

[19] Liu, Y.Y., Shang, F.H. and Cheng, J. (2017) Accelerated Variance Reduced Stochastic ADMM.

Proceedings of the 31th AAAI Conference on Artificial Intelligence, San Francisco, California,

2287-2293. https://dl.acm.org/doi/10.5555/3298483.3298569

[20] Liu, Y.Y., Shang, F.H., Liu, H.Y., Kong, L., Jiao, L.C. and Lin, Z.C. (2020) Accelerated

Variance Reduction Stochastic ADMM for Large-Scale Machine Learning. IEEE Transactions

on Pattern Analysis and Machine Intelligence, 43, 4242-4255.

https://doi.org/10.1109/TPAMI.2020.3000512

[21] Zhang, X.Q., Burger, M. and Osher, S. (2010) A Unified Primal-Dual Algorithm Framework

Based on Bregman Iteration. Journal of Scientific Computing, 46, 20-46.

https://doi.org/10.1007/s10915-010-9408-8

[22] Xiao, L. and Zhang, T. (2014) A Proximal Stochastic Gradient Method with Progressive

Variance Reduction. SIAM Journal on Optimization, 24, 2057-2075.

https://doi.org/10.1137/140961791

DOI: 10.12677/aam.2023.129401 4104 A^êÆ?Ð

https://dl.acm.org/doi/10.5555/3044805.3044889
https://dl.acm.org/doi/10.5555/3060832.3060958
https://dl.acm.org/doi/10.5555/3298483.3298569
https://doi.org/10.1109/TPAMI.2020.3000512
https://doi.org/10.1007/s10915-010-9408-8
https://doi.org/10.1137/140961791
https://doi.org/10.12677/aam.2023.129401

	1 介绍
	2 算法
	3 收敛性分析
	4 数值实验
	5 总结

