
Supplementary Material of

Faster and Non-ergodic O(1/K) Stochastic

Alternating Direction Method of Multipliers

Cong Fang Feng Cheng Zhouchen Lin∗

Key Laboratory of Machine Perception (MOE), School of EECS, Peking University

Cooperative Medianet Innovation Center, Shanghai Jiao Tong University

fangcong@pku.edu.cn fengcheng@pku.edu.cn zlin@pku.edu.cn

The Supplementary Material is structured as follows: We give a outline
of the proof in Section 1. In Section 2, we proof Lemma 1, Theorem 1, and
Corollary 1 in the paper. In Section 3, we demonstrate the details and more
results of the experiments.

1 Outline of Proof

Below is the outline of our proof. We will ignore the subscript s in the proof of
Step 1, Step 2, Eq. (3) and Eq. (4) in Step 3, and Step 4, since the analysis are
in a single epoch and s is fixed in these steps.

Step: 1
We analyze x1. Through the optimal solution of x1 in Eq (6) of the paper, and
the convexity of F1(·), we can obtain:

F1(xk+1
1 ) (1)

≤ (1− θ1 − θ2)F1(xk1) + θ2F1(x̃1) + θ1F1(x∗1)

−〈AT
1 λ̄(xk+1

1 ,yk2),xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1〉+

L1

2
‖xk+1

1 − yk1‖2

−
〈
xk+1
1 − yk1 ,x

k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗

〉(
L1+

β‖AT1 A1‖
θ1

)
I− βA

T
1 A1
θ1

,

where we set λ̄(x1,x2) = β
θ1

(A1x1 + A2x2 − b) + λk.

Step: 2
We analyze x2. Through the optimal solution of x2 in Eq (7) of the paper, and

∗Corresponding author.
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the convexity of F2(·), we can obtain:

EikF2(xk+1
2 )

≤ −Eik
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,xk+1

2 − θ2x̃2

〉
−Eik

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,−(1− θ2 − θ1)xk2 − θ1x∗2

〉
+(1− θ2 − θ1)F2(xk2) + θ1F2(x∗2) + θ2F2(x̃2) + Eik

(
(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)
, (2)

where Eik indicates that the expectation is taken over the random samples in
the minibatch Ik,s, under the condition that yk2 , x̃2 and xk2 (the randomness in
the first sm+k iterations are fixed) are known and α = 1

bθ2
. In step 2, we study

the point at wk = yk2 + θ3(yk2 − x̃2) and zk+1 = xk+1
2 + θ3(yk2 − x̃2), where θ3 is

an undetermined coefficient, which helps us eliminate the effect of the variance
in the stochastic gradient.

Step: 3

We consider the multiplier. Setting λ̂k = λ̃k + β(1−θ1)
θ1

(A1x
k
1 + A2x

k
2 − b), it

has the following properties:

λ̂k+1 = λ̄(xk+1
1 ,xk+1

2 ), (3)

λ̂k+1 − λ̂k =
βA1

θ1

(
xk+1
1 − (1− θ1)xk1 − θ1x∗1 + θ2(xk1 − x̃1)

)
,

+
βA2

θ1

(
xk+1
2 − (1− θ1)xk2 − θ1x∗2 + θ2(xk2 − x̃2)

)
, (4)

λ̂0
s = λ̂ms−1, s ≥ 1. (5)

Step: 4
Define L(x1,x2,λ) = F1(x1)−F1(x∗1)+F2(x2)−F2(x∗2)+〈λ,A1x1+A2x2−b〉.
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Adding Eq. (1) and Eq. (2), and simplifying the result, we obtain Lemma 1:

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗) (6)

≤ θ1
2β

(
‖λ̂k − λ∗‖2 − Eik‖λ̂k+1 − λ∗‖2

)
+

1

2
‖yk1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

−1

2
Eik

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1


+

1

2
‖yk2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I

−1

2
Eik

‖xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I

 ,

Step: 5
In step 5, we will first divide θ1 on both side of Eq. (6) and then summing it
with k from 0 to m− 1. Then after some simplifying, we can obtain

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

≤ 1

θ1,s−1
E
(
L(xms−1,λ

∗)− L(x∗,λ∗)
)
+
θ2 + θ1,s−1
θ1,s−1

m−1∑
k=1

E
(
L(xks−1,λ

∗)− L(x∗,λ∗)
)

+
1

2
E‖

y0
s,1 − θ2x̃s,1 − (1− θ1,s − θ2)x0

s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

y0
s,2 − θ2x̃s,2 − (1− θ1,s − θ2)x0

s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂0

s − λ∗‖2 − E
[
‖λ̂ms − λ∗‖2

])
, (7)

where we use L(xks ,λ
∗) and L(x̃s,λ

∗) to denote L(xks,1,x
k
s,2,λ

∗) and L(x̃s,1, x̃s,2,λ
∗),

respectively. Note that diving θ1 (not θ21 ) on both side of Eq. (6) enables us to
achieve the non-ergodic O(1/S) result.

Step: 6
Summing Eq. (7) with s from 0 to S − 1, and simplifying the result, we obtain
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Theorem 1:

1

2β
E‖ βm
θ1,S

(Ax̂S−b)− β(m−1)θ2
θ1,0

(
Ax0

0 − b
)

+ λ̃0
0 − λ∗‖ (8)

+
m

θ1,S
E (F (x̂S)− F (x∗) + 〈λ∗,Ax̂S − b〉)

≤ C3

(
F (x0

0)− F (x∗) + 〈λ∗,Ax0
0 − b〉

)
+

1

2β
‖λ̃0

0 +
β(1− θ1,0)

θ1,0
(Ax0

0 − b)− λ∗‖2

+
1

2
‖x0

0,1 − x∗1‖2(θ1,0L1+‖AT
1 A1‖)I−AT

1 A1
+

1

2
‖x0

0,2 − x∗2‖2((1+ 1
bθ2

)θ1,0L2+‖AT
2 A2‖

)
I
,

where C3 =
1−θ1,0+(m−1)θ2

θ1,0
.

Step: 7
We prove Corollary 1:

E|F (x̂S)− F (x∗)| ≤ O(
1

S
),

E‖Ax̂S − b‖ ≤ O(
1

S
). (9)

2 Proofs

Bound Variance. We bound the variance through [1, 4], namely:

Eik
(
‖∇f2(yk2)− ∇̃f2(yk2)‖2

)
= Eik

‖1

b

∑
ik,s∈I(k,s)

(
∇f2,ik,s(yk2)−∇f2,ik,s(x̃2) +∇f2(x̃2)−∇f2(yk2)

)
‖2


a
=

1

b2
Eik

∑
ik,s∈Ik,s

[
‖
(
∇f2,ik,s(yk2)−∇f2,ik,s(x̃2)

)
−
(
∇f2(yk2)−∇f2(x̃2)

)
‖2
]

b
≤ 1

b2
Eik

∑
ik,s∈Ik,s

(
‖∇f2,ik,s(yk2)−∇f2,ik,s(x̃2)‖2

)
≤ 2L2

b2
Eik

∑
ik,s∈Ik,s

[
f2,ik,s(x̃2)− f2,ik,s(yk2)− 〈∇f2,ik,s(yk2), x̃2 − yk2〉

]
=

2L2

b

[
f2(x̃2)− f2(yk2)− 〈∇f2(yk2), x̃2 − yk2〉

]
, (10)

where Eik indicates that the expectation is taken over the random choice of Ik,s,
under the condition that yk2 , x̃2 and xk2 are known, in equality

a
=, we use the

fact that each ik,s is independent, and

Eik
(
∇f2,ik,s(yk2)−∇f2,ik,s(x̃2)

)
−
(
∇f2(yk2)−∇f2(x̃2)

)
= 0;
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the inequality
b
≤ uses the property that E‖ξ−E(ξ)‖2 = E‖ξ‖2−‖Eξ‖2 ≤ E‖ξ‖2.

The proof is taken from [1, 4].

Proof of Step 1:
Set λ̄(x1,x2) = β

θ1
(A1x1 + A2x2 − b) + λk. For the optimal solution of x1

in Eq, (6) of the paper, we have(
L1 +

β‖AT
1 A1‖
θ1

)(
xk+1
1 − yk1

)
+∇f1(yk1) + AT

1 λ̄(yk1 ,y
k
2) ∈ −∂h1(xk+1

1 ). (11)

Since f1 have Lipschitz continuous gradients, we have

f1(xk+1
1 ) ≤ f1(yk1) + 〈∇f1(yk1),xk+1

1 − yk1〉+
L1

2
‖xk+1

1 − yk1‖2 (12)

a
≤ f1(u1) + 〈∇f1(yk1),xk+1

1 − u1〉+
L1

2
‖xk+1

1 − yk1‖2

b
≤ f1(u1)− 〈∂h1(xk+1

1 ),xk+1
1 − u1〉 − 〈AT

1 λ̄(yk1 ,y
k
2),xk+1

1 − u1〉

−
(
L1 +

β‖AT
1 A1‖
θ1

)
〈xk+1

1 − yk1 ,x
k+1
1 − u1〉+

L1

2
‖xk+1

1 − yk1‖2,

where u1 is an arbitrary variable; in the inequality
a
≤, we use the property

that f1(·) is convex, and so f1(yk1) ≤ f1(u1) + 〈∇f1(yk1),yk − u〉 and the

inequality
b
≤ uses Eq. (11). Then for h1(·) is convex, and so h1(xk+1

1 ) ≤
h1(u1) + 〈∂h1(xk+1

1 ),xk+1 − u1〉, we have

F1(xk+1
1 ) ≤ F1(u1)− 〈AT

1 λ̄(yk1 ,y
k
2),xk+1

1 − u1〉+
L1

2
‖xk+1

1 − yk1‖2

−
(
L1 +

β‖AT
1 A1‖
θ1

)
〈xk+1

1 − yk1 ,x
k+1
1 − u1〉. (13)

Setting u1 be xk1 , x̃1 and x∗1, respectively, then multiplying the three inequalities
by (1− θ1 − θ2), θ2, and θ1, respectively, and adding them, we have

F1(xk+1
1 ) (14)

≤ (1− θ1 − θ2)F1(xk1) + θ2F1(x̃1) + θ1F1(x∗1) +
L1

2
‖xk+1

1 − yk1‖2

−〈AT
1 λ̄(yk1 ,y

k
2),xk+1

1 − (1− θ1 − θ2)xk1 − θ2x̃− θ1x∗1〉

−
(
L1 +

β‖AT
1 A1‖
θ1

)
〈xk+1

1 − yk1 ,x
k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1〉

a
≤ (1− θ1 − θ2)F1(xk1) + θ2F1(x̃1) + θ1F1(x∗1) +

L1

2
‖xk+1

1 − yk1‖2

−〈AT
1 λ̄(xk+1

1 ,yk2),xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1〉

−
〈
xk+1
1 − yk1 ,x

k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗

〉(
L1+

β‖AT1 A1‖
θ1

)
I− βA

T
1 A1
θ1

,

5



where in the equality
a
≤, we replace AT

1 λ̄(yk1 ,y
k
2) to be AT

1 λ̄(xk+1
1 ,yk2)−βA

T
1 A1

θ1
(xk+1

1 −
yk1).

Proof of step 2:
For the optimal solution of x2 in Eq, (7) of the paper, we have(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
+ ∇̃f2(yk2) + AT

2 λ̄(xk+1
1 ,yk2) ∈ −∂h2(xk+1

2 ), (15)

where we set α = 1+ 1
bθ2

. Since f2 have Lipschitz continuous gradients, we have

f2(xk+1
2 ) ≤ f2(yk2) + 〈∇f2(yk2),xk+1

2 − yk2〉+
L2

2
‖xk+1

2 − yk2‖2. (16)

We first consider 〈∇f2(yk2),xk+1
2 − yk2〉.

〈∇f2(yk2),xk+1
2 − yk2〉

a
= 〈∇f2(yk2),u2 − yk2 + xk+1

2 − u2〉
b
= 〈∇f2(yk2),u2 − yk2〉 − θ3〈∇f2(yk2),yk2 − x̃s2〉+ 〈∇f2(yk2), zk+1 − u2〉
= 〈∇f2(yk2),u2 − yk2〉 − θ3〈∇f2(yk2),yk2 − x̃s2〉

+〈∇̃f2(yk2), zk+1 − u2〉+ 〈∇f2(yk2)− ∇̃f2(yk2), zk+1 − u2〉, (17)

where in the equality
a
=, we introduce an arbitrary variable u2 (we will set it to

be xk2 , x̃2, and x∗2), and in the equality
b
=, we set zk+1 = xk+1

2 + θ3(yk2 − x̃2).
For 〈∇̃f2(yk2), zk+1 − u2〉, we have

〈∇̃f2(yk2), zk+1 − u2〉 (18)

a
= −

〈
∂h2(xk+1

2 ) + AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2

〉
b
= −〈∂h2(xk+1

2 ),xk+1
2 + θ3(yk2 − x̃2)− u2〉

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2

〉
= −〈∂h2(xk+1

2 ),xk+1
2 + θ3(yk2 − xk+1

2 + xk+1
2 − x̃2)− u2〉

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2

〉
c
≤ h2(u2)− h2(xk+1

2 ) + θ3h2(x̃2)− θ3h2(xk+1
2 )− θ3〈∂h2(xk+1

2 ),yk2 − xk+1
2 〉

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2

〉
d
= h2(u2)− h2(xk+1

2 ) + θ3h2(x̃2)− θ3h2(xk+1
2 )

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2

〉
−θ3

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
+ ∇̃f2(yk2),xk+1

2 − yk2

〉
,
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where in the equalities
a
= and

d
=, we use Eq. (15); the inequality

b
= uses zk+1 =

xk+1
2 + θ3(yk2 − x̃2); the inequality

c
≤ uses the properties that:

〈∂h2(xk+1
2 ),u2 − xk+1

2 〉 ≤ h2(u2)− h2(xk+1
2 ),

and
〈∂h2(xk+1

2 ), x̃2 − xk+1
2 〉 ≤ h2(x̃2)− h2(xk+1

2 ),

since h2(·) is convex. Rearranging terms on Eq. (18) and using ∇̃f2(yk2) =
∇f2(yk2) + ∇̃f2(yk2)−∇f2(yk2), we have

〈∇̃f2(yk2), zk+1 − u2〉 (19)

= h2(u2)− h2(xk+1
2 ) + θ3h2(x̃2)− θ3h2(xk+1

2 )

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, θ3(xk+1

2 − yk2) + zk+1 − u2

〉
−θ3

〈
∇f2(yk2) + ∇̃f2(yk2)−∇f2(yk2),xk+1

2 − yk2

〉
.

Adding Eq. (17) and Eq. (19), and , we obtain

(1 + θ3)〈∇f2(yk2),xk+1
2 − yk2〉

≤ 〈∇f2(yk2),u2 − yk2〉 − θ3〈∇f2(yk2),yk2 − x̃s2〉+ h2(u2)− h2(xk+1
2 ) + θ3h2(x̃2)− θ3h2(xk+1

2 )

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2 + θ3(xk+1

2 − yk2)

〉
+〈∇f2(yk2)− ∇̃f2(yk2), θ3(xk+1

2 − yk2) + zk+1 − u2〉. (20)

Multiplying Eq. (16) by (1+θ3) and then adding Eq. (20), we can eliminate the
term 〈∇f2(yk2),xk+1

2 − yk2〉 and obtain

(1 + θ3)F2(xk+1
2 )

≤ (1 + θ3)f2(yk2) + 〈∇f2(yk2),u2 − yk2〉 − θ3〈∇f2(yk2),yk2 − x̃2〉+ h2(u2) + θ3h2(x̃2)

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2 + θ3(xk+1

2 − yk2)

〉
+〈∇f2(yk2)− ∇̃f2(yk2), θ3(xk+1

2 − yk2) + zk+1 − u2〉+
(1 + θ3)L2

2
‖xk+1

2 − yk2‖2

a
≤ F2(u2)− θ3〈∇f(yk2),yk2 − x̃2〉+ θ3f2(yk2) + θ3h2(x̃2)

−
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2 + θ3(xk+1

2 − yk2)

〉
+〈∇f(yk2)− ∇̃f2(yk2), θ3(xk+1

2 − yk2) + zk+1 − u2〉+
(1 + θ3)L2

2
‖xk+1

2 − yk2‖2, (21)

where the inequality
a
≤ uses the property that 〈∇f2(yk2),u2 − yk2〉 ≤ f2(u2) −

f2(yk2).
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We now consider the term 〈∇f2(yk2)−∇̃f2(yk2), θ3(xk+1
2 −yk2) + zk+1−u2〉.

We will set u2 be xk2 and x∗2, they do not depend on Ik,s. So we obtain

Eik
(〈
∇f2(yk2)− ∇̃f2(yk), θ3(xk+1

2 − yk2) + zk+1 − u2

〉)
(22)

= Eik
(〈
∇f2(yk2)− ∇̃f2(yk2), θ3z

k+1 + zk+1
〉)

−Eik
(〈
∇f2(yk2)− ∇̃f2(yk2), θ23(yk2 − x̃2) + θ3y

k
2 + u2

〉)
a
= (1 + θ3)Eik(〈∇f2(yk2)− ∇̃f2(yk2), zk+1〉)
b
= (1 + θ3)Eik(〈∇f2(yk2)− ∇̃f2(yk2),xk+1

2 〉)
c
= (1 + θ3)Eik(〈∇f2(yk2)− ∇̃f2(yk2),xk+1

2 − yk2〉)
d
≤ Eik

(
θ3b

2L2
‖∇f2(yk2)− ∇̃f2(yk2)‖2

)
+ Eik

(
(1 + θ3)2L2

2θ3b
‖xk+1

2 − yk2‖2
)

e
≤ θ3Eik

(
f2(x̃2)− f2(yk2)− 〈∇f2(yk2), x̃2 − yk2

)
+ Eik

(
(1 + θ3)2L2

2θ3b
‖xk+1

2 − yk2‖2
)
,

where Eik indicates that the expectation is taken over the random samples in

the minibatch Ik,s; in the equality
a
=, we use the fact that

Eik
(
∇f2(yk2)− ∇̃f2(yk2)

)
= 0,

and xk2 , u2, and x̃2 are independent of ik,s (are known), so

Eik〈∇f2(yk2)− ∇̃f2(yk2),xk2〉 = 0,

Eik〈∇f2(yk2)− ∇̃f2(yk2),yk2〉 = 0,

Eik〈∇f2(yk2)− ∇̃f2(yk2),uk2〉 = 0;

the inequalities
b
≤ and

c
≤ hold similarly; the equality

d
≤ uses the Cauchy-Schwarz

inequality;
e
≤ uses Eq. (10). Taking expectation on Eq. (21) and adding Eq. (22),

we obtain

(1 + θ3)Eik
(
F2(xk+1

2 )
)

≤ −Eik
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, zk+1 − u2 + θ3(xk+1

2 − yk2)

〉
+F2(u2) + θ3F (x̃2) + Eik

(
(1 + θ3)(1 + 1+θ3

bθ3
)L2

2
‖xk+1

2 − yk2‖2
)

a
= −Eik

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, (1 + θ3)xk+1

2 − θ3x̃2 − u2

〉
+F2(u2) + θ3F (x̃2) + Eik

(
(1 + θ3)(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)
, (23)
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where in equality
a
=, we use zk+1 = xk+1

2 + θ3(yk2 − x̃2) and set θ2 = θ3
1+θ3

.

Setting u2 be xk2 and x∗2, respectively, then multiplying the two inequalities by
1− θ1(1 + θ3) and θ1(1 + θ3), and adding them, we obtain

(1 + θ3)Eik
(
F2(xk+1

2 )
)

≤ −Eik
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
, (1 + θ3)xk+1

2 − θ3x̃2

〉
−Eik

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,− (1− θ1(1 + θ3)) xk2

〉
−Eik

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,− (θ1(1 + θ3)) x∗2

〉
+ (1− θ1(1 + θ3))F2(xk2) + (θ1(1 + θ3))F2(x∗2) + θ3F (x̃2)

+Eik

(
(1 + θ3)(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)
. (24)

Dividing Eq. (24) by (1 + θ3), we obtain

EikF2(xk+1
2 )

≤ −Eik
〈

AT
2 λ̄(xk+1

1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,xk+1

2 − θ2x̃2

〉
−Eik

〈
AT

2 λ̄(xk+1
1 ,yk2) +

(
αL2 +

β‖AT
2 A2‖
θ1

)(
xk+1
2 − yk2

)
,−(1− θ2 − θ1)xk2 − θ1x∗2

〉
+(1− θ2 − θ1)F2(xk2) + θ1F2(x∗2) + θ2F2(x̃2) + Eik

(
(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)
, (25)

where we use θ2 = θ3
1+θ3

and so 1−θ1(1+θ3)
1+θ3

= 1− θ2 − θ1.

Proof of step 3:
Through Algorithm 1 in the paper, we have

λk = λ̃k +
βθ2
θ1

(
A1x

k
1 + A2x

k
2 − b̃

)
(26)

and

λ̃k+1
s = λks + β

(
A1x

k+1
s,1 + A2x

k+1
s,2 − b

)
. (27)
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Setting λ̂k = λ̃k + β(1−θ1)
θ1

(A1x
k
1 + A2x

k
2 − b), we have

λ̂k+1 (28)

= λ̃k+1 + β

(
1

θ1
− 1

)
(A1x

k+1
1 + A2x

k+1
2 − b)

a
= λk +

β

θ1
(A1x

k+1
1 + A2x

k+1
2 − b)

b
= λ̄(xk+1

1 ,xk+1
2 )

c
= λ̃k +

β

θ1

(
A1x

k+1
1 + A2x

k+1
2 − b + θ2

(
A1(xk2 − x̃1) + A2(xk2 − x̃2)

))
,

where in equality
a
=, we use Eq. (27); the equality

c
= is obtained through Eq. (26).

Considering into λ̂k = λ̃k + β(1−θ1)
θ1

(A1x
k
1 + A2x

k
2 − b), we obtain

λ̂k+1 − λ̂k

=
βA1

θ1

(
xk+1
1 − (1− θ1)xk1 − θ1x∗1 + θ2(xk1 − x̃1)

)
+
βA2

θ1

(
xk+1
2 − (1− θ1)xk2 − θ1x∗2 + θ2(xk2 − x̃2)

)
, (29)

where we use the fact that A1x
∗
1 + A2x

∗
2 = b. Now we prove λ̂ms−1 = λ̂0

s when
s ≥ 1.

λ̂0
s

= λ̃0
s +

β(1− θ1,s)
θ1,s

(
A1x

m
s,1 + A2x

m
s,2 − b

)
a
= λ̃0

s + β

(
1

θ1,s−1
+ τ − 1

)(
A1x

m
s,1 + A2x

m
s,2 − b

)
b
= λm−1s−1 − β(τ − 1)

(
A1x

m
s,1 + A2x

m
s,2 − b

)
+ β(

1

θ1,s−1
+ τ − 1)

(
A1x

m
s,1 + A2x

m
s,2 − b

)
= λm−1s−1 +

β

θ1,s−1

(
A1x

m
s,1 + A2x

m
s,2 − b

)
c
= λ̃ms−1 − (β − β

θ1,s−1
)
(
A1x

m
s,1 + A2x

m
s,2 − b

)
= λ̂ms−1, (30)

where the equality
a
= uses the fact that 1

θ1,s
= 1

θ1,s−1
+ τ ; the equality

b
= uses

λ̃0
s+1 = λm−1s +β(1− τ)(A1x

m
s,1 + A2x

m
s,2−b) in Algorithm 2 of the paper; the

equality
c
= uses Eq. (27).

Proof of Lemma 1:
Define L(x1,x2,λ) = F1(x1)−F1(x∗1)+F2(x2)−F2(x∗2)+〈λ,A1x1+A2x2−b〉.
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We have

L(xk+1
1 ,xk+1

2 ,λ∗)− θ2L(x̃1, x̃2,λ
∗)− (1− θ1 − θ2)L(xk1 ,x

k
2 ,λ

∗)

= F1(xk+1
1 )− (1− θ2 − θ1)F1(xk1)− θ1F1(x∗1)− θ2F1(x̃1)

+F2(xk+1
2 )− (1− θ2 − θ1)F2(xk2)− θ1F2(x∗2)− θ2F2(x̃2)

+
〈
λ∗,A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

])
〉

+
〈
λ∗,A2

[
xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2

])
〉. (31)

Adding Eq. (14) and Eq. (25), we have

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗)

≤ Eik
〈
λ∗ − λ̄(xk+1

1 ,yk2),A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
+Eik

〈
λ∗ − λ̄(xk+1

1 ,yk2),A2

[
xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2

]〉
−Eik

〈
xk+1
1 − yk1 ,x

k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

〉(
L1+

β‖AT1 A1‖
θ1

)
I− βA

T
1 A1
θ1

−Eik
〈
xk+1
2 − yk2 ,x

k+1
2 − θ2x̃2 − (1− θ2 − θ1)xk2 − θ1x∗

〉(
αL2+

β‖AT2 A2‖
θ1

)
I

+
L1

2
Eik‖x

k+1
1 − yk1‖2 + Eik

(
(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)

a
= Eik

〈
λ∗ − λ̄(xk+1

1 ,xk+1
2 ),A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
+Eik

〈
λ∗ − λ̄(xk+1

1 ,xk+1
2 ),A2

[
xk+1
2 − (1− θ1 − θ3)xk2 − θ2x̃2 − θ1x∗2

]〉
−Eik

〈
xk+1
1 − yk1 ,x

k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

〉(
L1+

β‖AT1 A1‖
θ1

)
I− βA

T
1 A1
θ1

−Eik
〈
xk+1
2 − yk2 ,x

k+1
2 − θ2x̃2 − (1− θ2 − θ1)xk2 − θ1x∗

〉(
αL2+

β‖AT2 A2‖
θ1

)
I− βA

T
2 A2
θ1

+
L1

2
Eik‖x

k+1
1 − yk1‖2 + Eik

(
(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)

+
β

θ1
Eik

〈
A2x

k+1
2 −A2y

k
2 ,A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
, (32)

where in the equality
a
=, we change the term λ̄(xk+1

1 ,yk2) to λ̄(xk+1
1 ,xk+1

2 ) −
βAT

2 A2

θ1
(xk+1

2 − yk2). For the first two terms in the right hand of Eq. (32), we
have 〈

λ∗ − λ̄(xk+1
1 ,xk+1

2 ),A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
+
〈
λ∗ − λ̄(xk+1

1 ,xk+1
2 ),A2

[
xk+1
2 − (1− θ1 − θ2)xk1 − θ2x̃2 − θ1x∗2

]〉
=

θ1
β
〈λ∗ − λ̂k+1, λ̂k+1 − λ̂k〉

=
θ1
2β

(
‖λ̂k − λ∗‖2 − ‖λ̂k+1 − λ∗‖2 − ‖λ̂k+1 − λ̂k‖2

)
. (33)
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where in the first equality, we use
b
= in Eq. (28) and Eq. (29), and in the second

equality we use the fact that

〈a− b,a− c〉 =
1

2
‖a− b‖2 +

1

2
‖a− c‖2 − 1

2
‖b− c‖2.

Substituting Eq (33) into Eq. (32), we obtain:

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗)

≤ θ1
2β

(
‖λ̂k − λ∗‖2 − Eik‖λ̂k+1 − λ∗‖2 − Eik‖λ̂k+1 − λ̂k‖2

)
+Eik

〈
xk+1
1 − yk1 ,x

k+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

〉(
L1+

β‖AT1 A1‖
θ1

)
I− βA

T
1 A1
θ1

−Eik
〈
xk+1
2 − yk2 ,x

k+1
2 − θ2x̃2 − (1− θ2 − θ1)xk2 − θ1x∗

〉(
αL2+

β‖AT2 A2‖
θ1

)
I− βA

T
2 A2
θ1

+
L1

2
Eik‖x

k+1
1 − yk1‖2 + Eik

(
(1 + 1

bθ2
)L2

2
‖xk+1

2 − yk2‖2
)

+
β

θ1
Eik

〈
A2x

k+1
2 −A2y

k
2 ,A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
. (34)

For the fourth and fifth terms in the right hand of Eq. (34), we have

〈xk+1
i − yki ,x

k+1
i − (1− θ1 − θ2)xki − θ2x̃i − θ1x∗i 〉Gi

≤ 1

2

(
‖xk+1

i − (1− θ1 − θ2)xki − θ2x̃i − θ1x∗i ‖2Gi
+ ‖xk+1

i − yki ‖2Gi

)
−1

2
‖yki − (1− θ1 − θ2)xki − θ2x̃i − θ1x∗i ‖2Gi

, i = 1, 2, (35)

where G1 =
(
L1 +

β‖AT
1 A1‖
θ1

)
I − βAT

1 A1

θ1
and G2 =

(
αL2 +

β‖AT
2 A2‖
θ1

)
I −

12



βAT
2 A2

θ1
. Then substituting Eq (35) into Eq. (34), we obtain:

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗) (36)

≤ θ1
2β

(
‖λ̂k − λ∗‖2 − Eik‖λ̂k+1 − λ∗‖2 − Eik‖λ̂k+1 − λ̂k‖2

)
+

1

2
‖yk1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
‖βAT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

−1

2
Eik

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1


+

1

2
‖yk2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I− βA

T
2 A2
θ1

−1

2
Eik

‖xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I− βA

T
2 A2
θ1


−Eik‖x

k+1
1 − yk1‖2( β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

− Eik‖x
k+1
2 − yk2‖2( β‖AT2 A2‖

θ1

)
I− βA

T
2 A2
θ1

+
β

θ1
Eik

〈
A2x

k+1
2 −A2y

k
2 ,A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
.

For the last term in the right hand of Eq. (36), we have

β

θ1

〈
A2x

k+1
2 −A2y

k
2 ,A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]〉
a
=

β

θ1

〈
A2x

k+1
2 −A2v −(A2y

k
2 −A2v),A1

[
xk+1
1 − (1−θ1 −θ2)xk1 − θ2x̃1 − θ1x∗1

]
−0
〉

b
=

β

2θ1
‖A2x

k+1
2 −A2v + A1

[
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

]
‖2

− β

2θ1
‖A2x

k+1
2 −A2v‖2 +

β

2θ1
‖A2y

k
2 −A2v‖2

− β

2θ1
‖A2y

k
2 −A2v + A1

(
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

)
‖2,

c
=

θ1
2β
‖λ̂k+1 − λ̂k‖2 − β

2θ1
‖A2x

k+1
2 −A2v‖2 +

β

2θ1
‖A2y

k
2 −A2v‖2

− β

2θ1
‖A2y

k
2 −A2v + A1

(
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

)
‖2, (37)

where in the equality
a
=, we set v = (1− θ1 − θ2)xk2 + θ2x̃2 + θ1x

∗
2; the equality

b
= uses the fact that

〈a− b, c− d〉 =
1

2

(
‖a + c‖2 − ‖a + d‖2 + ‖b + d‖2 − ‖b + c‖2

)
,
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and the equality
c
= uses Eq. (28). Substituting Eq. (37) into Eq. (36), we have

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗) (38)

≤ θ1
2β

(
‖λ̂k − λ∗‖2 − Eik‖λ̂k+1 − λ∗‖2

)
+

1

2
‖yk1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

−1

2
Eik

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1


+

1

2
‖yk2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I

−Eik‖x
k+1
1 − yk1‖2( β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

− Eik‖x
k+1
2 − yk2‖2( β‖AT2 A2‖

θ1

)
I− βA

T
2 A2
θ1

− β

2θ1
Eik‖A2y

k
2 −A2v + A1

(
xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1

)
‖2.

Since the last three terms in the right hand of Eq. (38) are nonpositive, we
obtain:

Eik
(
L(xk+1

1 ,xk+1
2 ,λ∗)

)
− θ2L(x̃1, x̃2,λ

∗)− (1− θ2 − θ1)L(xk1 ,x
k
2 ,λ

∗) (39)

≤ θ1
2β

(
‖λ̂k − λ∗‖2 − Eik‖λ̂k+1 − λ∗‖2

)
+

1

2
‖yk1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1

−1

2
Eik

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1 − θ1x∗1‖2(

L1+
β‖AT1 A1‖

θ1

)
I− βA

T
1 A1
θ1


+

1

2
‖yk2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I

−1

2
Eik

‖xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2 − θ1x∗2‖2(

αL2+
β‖AT2 A2‖

θ1

)
I

 .

So Lemma 1 is proved.

Proof of Step 5:
Taking expectation over the first k iterations for Eq. (38) and diving θ1 on
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sides of it, we obtain:

1

θ1
E
[
L(xk+1

1 ,xk+1
2 ,λ∗)

]
− θ2
θ1
L(x̃1, x̃2,λ

∗)− 1− θ2 − θ1
θ1

L(xk1 ,x
k
2 ,λ

∗) (40)

≤ 1

2β

(
‖λ̂k − λ∗‖2 − E

[
‖λ̂k+1 − λ∗‖2

])
+
θ1
2
‖y

k
1 − (1− θ1 − θ2)xk1 − θ2x̃1

θ1
− x∗1‖2(

L1+
‖AT1 A1‖

θ1

)
I−AT1 A1

θ1

−θ1
2
E

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1

θ1
− x∗1‖2(

L1+
‖AT1 A1‖

θ1

)
I−AT1 A1

θ1


+
θ1
2
‖y

k
2 − (1− θ1 − θ2)xk2 − θ2x̃2

θ1
− x∗2‖2(

αL2+
‖AT2 A2‖

θ1

)
I

−θ1
2
E

‖xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2

θ1
− x∗2‖2(

αL2+
‖AT2 A2‖

θ1

)
I

 ,

the expectation is taken under the condition that randomness in the first s
epochs are fixed. Since

yk = xk + (1− θ1 − θ2)(xk − xk−1), k ≥ 1,

we obtain:

1

θ1
E
[
L(xk+1

1 ,xk+1
2 ,λ∗)

]
− θ2
θ1
L(x̃1, x̃2,λ

∗)− 1− θ2 − θ1
θ1

L(xk1 ,x
k
2 ,λ

∗) (41)

≤ 1

2β

(
‖λ̂k − λ∗‖2 − E

[
‖λ̂k+1 − λ∗‖2

])
+
θ1
2
‖x

k
1 − (1− θ1 − θ2)xk−11 − θ2x̃1

θ1
− x∗1‖2(

L1+
‖AT1 A1‖

θ1

)
I−AT1 A1

θ1

−θ1
2
E

‖xk+1
1 − (1− θ1 − θ2)xk1 − θ2x̃1

θ1
− x∗1‖2(

L1+
‖AT1 A1‖

θ1

)
I−AT1 A1

θ1


+
θ1
2
‖x

k
2 − (1− θ1 − θ2)xk−12 − θ2x̃2

θ1
− x∗2‖2(

αL2+
‖AT2 A2‖

θ1

)
I

−θ1
2
E

‖xk+1
2 − (1− θ1 − θ2)xk2 − θ2x̃2

θ1
− x∗2‖2(

αL2+
‖AT2 A2‖

θ1

)
I

 , k ≥ 1.

Adding the subscript s and taking expectation on the first s epoches, and
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then summing Eq. (41) with k from 0 to m− 1, we have

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

≤ 1− θ1,s − θ2
θ1,s

E
(
L(x0

s,λ
∗)− L(x∗,λ∗)

)
+
mθ2
θ1,s

E (L(x̃s,λ
∗)− L(x∗,λ∗))

+
1

2
E‖

y0
s,1 − θ2x̃s,1 − (1− θ1,s − θ2)x0

s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

y0
s,2 − θ2x̃s,2 − (1− θ1,s − θ2)x0

s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂0

s − λ∗‖2 − E
[
‖λ̂ms − λ∗‖2

])
, (42)

where we use L(xks ,λ
∗) and L(x̃s,λ

∗) to denote L(xks,1,x
k
s,2,λ

∗) and L(x̃s,1, x̃s,2,λ
∗),

respectively. Since L(x,λ∗) is convex for x, we have

mL(x̃s,λ
∗)

= mL

(
1

m

([
1− (τ − 1)θ1,s

θ2

]
xms−1 +

[
1 +

(τ − 1)θ1,s
(m− 1)θ2

]m−1∑
k=1

xks−1

)
,λ∗

)

≤
[
1− (τ − 1)θ1,s

θ2

]
L(xms−1,λ

∗) +

[
1 +

(τ − 1)θ1,s
(m− 1)θ2

]m−1∑
k=1

L(xks−1,λ
∗), (43)
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Substituting Eq. (43) into Eq. (42), and using xms−1 = x0
s, we have

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

≤ 1− θ1,s − (τ − 1)θ1,s
θ1,s

E
(
L(xms−1,λ

∗)− L(x∗,λ∗)
)

+
θ2 + τ−1

m−1θ1,s

θ1,s

m−1∑
k=1

E
(
L(xks−1,λ

∗)− L(x∗,λ∗)
)

+
1

2
E‖

y0
s,1 − θ2x̃s,1 − (1− θ1,s − θ2)x0

s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

y0
s,2 − θ2x̃s,2 − (1− θ1,s − θ2)x0

s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂0

s − λ∗‖2 − E
[
‖λ̂ms − λ∗‖2

])
. (44)

Then through the setting of θ1,s = 1
2+τs and θ2 = m−τ

τ(m−1) , we have

1

θ1,s
=

1− τθ1,s+1

θ1,s+1
, s ≥ 0, (45)

and

θ2 + θ1,s
θ1,s

=
θ2

θ1,s+1
− τθ2 + 1 =

θ2 + τ−1
m−1θ1,s+1

θ1,s+1
, s ≥ 0. (46)

Substituting Eq. (45) into the first term and Eq. (46) into the second term in
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the right hand of Eq. (44), we obtain

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

≤ 1

θ1,s−1
E
(
L(xms−1,λ

∗)− L(x∗,λ∗)
)

+
θ2 + θ1,s−1
θ1,s−1

m−1∑
k=1

E
(
L(xks−1,λ

∗)− L(x∗,λ∗)
)

+
1

2
E‖

y0
s,1 − θ2x̃s,1 − (1− θ1,s − θ2)x0

s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

y0
s,2 − θ2x̃s,2 − (1− θ1,s − θ2)x0

s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂0

s − λ∗‖2 − E
[
‖λ̂ms − λ∗‖2

])
. (47)

Proof of Theorem 1
When k = 0, for

y0
s+1 = (1− θ2)xms + θ2x̃s+1 +

θ1,s+1

θ1,s

[
(1− θ1,s)xms − (1− θ1,s − θ2)xm−1s − θ2x̃s

]
, (48)

we obtain

xms − θ2x̃s − (1− θ1,s − θ2)xm−1s

θ1,s
=

y0
s+1 − θ2x̃s+1 − (1− θ1,s+1 − θ2)x0

s+1

θ1,s+1
. (49)

Substituting Eq. (49) into the third and the fifth terms in the right hand of
Eq. (47) and substituting Eq. (30) into the last term in the right hand of Eq. (47),
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we obtain

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

(50)

≤ 1

θ1,s−1
E
(
L(xms−1,λ

∗)− L(x∗,λ∗)
)

+
θ2 + θ1,s−1
θ1,s−1

m−1∑
k=1

E
(
L(xks−1,λ

∗)− L(x∗,λ∗)
)

+
1

2
E‖

xms−1,1 − θ2x̃s−1,1 − (1− θ1,s−1 − θ2)xm−1s−1,1

θ1,s−1
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

xms−1,2 − θ2x̃s−1,2 − (1− θ1,s−1 − θ2)xm−1s−1,2

θ1,s−1
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂ms−1 − λ∗‖2 − E

[
‖λ̂ms − λ∗‖2

])
, s ≥ 1.

For θ1,s−1 ≥ θ1,s, so ‖x‖2θ1,s−1L
≥ ‖x‖2θ1,sL, we get

1

θ1,s
E (L(xms ,λ

∗)− L(x∗,λ∗)) +
θ2 + θ1,s
θ1,s

m−1∑
k=1

E
(
L(xks ,λ

∗)− L(x∗,λ∗)
)

(51)

≤ 1

θ1,s−1
E
(
L(xms−1,λ

∗)− L(x∗,λ∗)
)

+
θ2 + θ1,s−1
θ1,s−1

m−1∑
k=1

E
(
L(xks−1,λ

∗)− L(x∗,λ∗)
)

+
1

2
E‖

xms−1,1 − θ2x̃s−1,1 − (1− θ1,s−1 − θ2)xm−1s−1,1

θ1,s−1
− x∗1‖2(θ1,s−1L1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xms,1 − θ2x̃s,1 − (1− θ1,s − θ2)xm−1s,1

θ1,s
− x∗1‖2(θ1,sL1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
E‖

xms−1,2 − θ2x̃s−1,2 − (1− θ1,s−1 − θ2)xm−1s−1,2

θ1,s−1
− x∗2‖2(αθ1,s−1L2+‖AT

2 A2‖)I

−1

2
E‖

xms,2 − θ2x̃s,2 − (1− θ1,s − θ2)xm−1s,2

θ1,s
− x∗2‖2(αθ1,sL2+‖AT

2 A2‖)I

+
1

2β

(
E‖λ̂ms−1 − λ∗‖2 − E

[
‖λ̂ms − λ∗‖2

])
, s ≥ 1,

When s = 0, through Eq. (47), and using that y0
0,1 = x̃0,1 = x0

0,1 and
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y0
0,2 = x̃0,2 = x0

0,2, we obtain

1

θ1,0
E (L(xm0 ,λ

∗))− L(x∗,λ∗)) +
θ1,0 + θ2
θ1,0

m−1∑
k=1

E
(
L(xk0 ,λ

∗)− L(x∗,λ∗)
)

≤ 1− θ1,0 + (m− 1)θ2
θ1,0

(L(x0,λ
∗))− L(x∗,λ∗))

+
1

2
‖x0

0,1 − x∗1‖2(θ1,0L1+‖AT
1 A1‖)I−AT

1 A1

−1

2
E‖

xm0,1 − θ2x̃0,1 − (1− θ1,0 − θ2)xm−10,1

θ1,s=0
− x∗1‖2(θ1,0L1+‖AT

1 A1‖)I−AT
1 A1

+
1

2
‖x0

0,2 − x∗1‖2(αθ1,0L2+‖AT
2 A2‖)I

−1

2
E‖

xm0,2 − θ2x̃0,2 − (1− θ1,0 − θ2)xm−10,2

θ1,0
− x∗2‖2(αθ1,0L2+‖AT

2 A2‖)I

+
1

2β

(
‖λ̂0

0 − λ∗‖2 − E
[
‖λ̂m0 − λ∗‖2

])
. (52)

Summing Eq. (51) s from 1 to S − 1 and adding Eq. (52), we have the result
that

1

θ1,S
E (L(xmS ,λ

∗))− L(x∗,λ∗)) +
θ1,S + θ2
θ1,S

m−1∑
k=1

E
(
L(xkS ,λ

∗)− L(x∗,λ∗)
)

≤ 1− θ1,0 + (m− 1)θ2
θ1,0

(
L(x0

0,λ
∗))− L(x∗,λ∗)

)
+

1

2
‖x0

0,1 − x∗1‖2(θ1,0L1+‖AT
1 A1‖)I−AT

1 A1
+

1

2
‖x0

0,2 − x∗2‖2(αθ1,0L2+‖AT
2 A2‖)I

+
1

2β

(
‖λ̂0

0 − λ∗‖2 − E
[
‖λ̂mS − λ∗‖2

])
−1

2
E‖

xmS,1 − θ2x̃S,1 − (1− θ1,s − θ2)xm−1S,1

θ1,S
− x∗1‖2(θ1,SL1+‖AT

1 A1‖)I−AT
1 A1

−1

2
E‖

xmS,2 − θ2x̃S,2 − (1− θ1,S − θ2)xm−1s,2

θ1,S
− x∗2‖2(αθ1,SL2+‖AT

2 A2‖)I

≤ 1− θ1,0 + (m− 1)θ2
θ1,0

(
L(x0

0,λ
∗))− L(x∗,λ∗)

)
+

1

2
‖x0

0,1 − x∗1‖2(θ1,0L1+‖AT
1 A1‖)I−AT

1 A1
+

1

2
‖x0

0,2 − x∗2‖2(αθ1,0L2+‖AT
2 A2‖)I

+
1

2β

(
‖λ̂0

0 − λ∗‖2 − E
[
‖λ̂mS − λ∗‖2

])
. (53)
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Now we analyse ‖λ̂mS − λ∗‖2. From Eq. (30), for s ≥ 1, we have

λ̂ms − λ̂ms−1 = λ̂ms − λ̂0
s =

m∑
k=1

(
λ̂ks − λ̂k−1s

)
a
= β

m∑
k=1

(
1

θ1,s

(
Axks − b

)
− 1− θ1,s − θ2

θ1,s

(
Axk−1s − b

)
− θ2
θ1,s

(Ax̃s − b)

)
b
=

β

θ1,s
(Axms − b) +

β(θ2 + θ1,s)

θ1,s

m−1∑
k=1

(
Axks − b

)
−β(1− θ1,s − θ2)

θ1,s

(
Axms−1 − b

)
− mβθ2

θ1,s
(Ax̃s−1 − b)

c
=

β

θ1,s
(Axms − b) +

β(θ2 + θ1,s)

θ1,s

m−1∑
k=1

(
Axks − b

)
−β

(
1− θ1,s − (τ − 1)θ1,s

θ1,s

(
Axms−1 − b

)
+
θ2 + τ

m−1θ1,s

θ1,s

m−1∑
k=1

(
Axks−1 − b

))
d
=

β

θ1,s
(Axms − b) +

β(θ2 + θ1,s)

θ1,s

m−1∑
k=1

(
Axks − b

)
− β

θ1,s−1

(
Axms−1 − b

)
− β(θ2 + θ1,s−1)

θ1,s−1

m−1∑
k=1

(
Axks−1 − b

)
, (54)

where the equality
a
= uses Eq. (28); the equalities

b
=,

c
=, and

d
= are obtained

through the same techniques of Eq. (42), Eq. (44) and Eq. (47). When s = 0,
we can obtain

λ̂m0 − λ̂0
0 =

m∑
k=1

(
λ̂k0 − λ̂k−10

)
(55)

=

m∑
k=1

(
β

θ1,0

(
Axk0 − b

)
− β(1− θ1,0 − θ2)

θ1,0

(
Axk−10 − b

)
− θ2β

θ1,0

(
Ax0

0 − b
))

=
β

θ1,0
(Axm0 − b) +

β(θ2 + θ1,0)

θ1,0

m−1∑
k=1

(
Axk0 − b

)
− β(1− θ1,0 + (m− 1)θ2)

θ1,0

(
Ax0

0 − b
)
.

Summing Eq. (54) with s from 1 to S − 1 and adding Eq. (55), we have the
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result that

λ̂mS − λ∗ = λ̂mS − λ̂0
0 + λ̂0

0 − λ∗

=
β

θ1,S
(AxmS − b) +

β(θ2 + θ1,S)

θ1,S

m−1∑
k=1

(
AxkS − b

)
− β (1− θ1,0 + (m− 1)θ2)

θ1,0

(
Ax0

0 − b
)

+λ̃0
0 +

β(1− θ1,0)

θ1,0

(
Ax0

0 − b
)
− λ∗

a
=

mβ

θ1,S
(Ax̂S − b) + λ̃0

0 −
β(m− 1)θ2

θ1,0

(
Ax0

0 − b
)
− λ∗. (56)

where ithe equality
a
= uses the definition of x̂S . Substituting Eq. (56) into E-

q. (53), we can obtain Theorem 1.

Proof of Corollary 1
We set

C1 =
1− θ1,0 + (m− 1)θ2

θ1,0

(
F (x0

0)− F (x∗) + 〈λ∗,Ax0
0 − b〉

)
(57)

+
1

2β
‖λ̃0

0 +
β(1− θ1,0)

θ1,0
(Ax0

0 − b)− λ∗‖2

+
1

2
‖x0

0,1 − x∗1‖2(θ1,0L1+‖AT
1 A1‖)I−AT

1 A1
+

1

2
‖x0

0,2 − x∗2‖2((1+ 1
bθ2

)θ1,0L2

)
I+‖AT

2 A2‖
.

Since F (x) is convex,

F (x̂S)− F (x∗) + 〈λ∗,Ax̂S − b〉 ≥ 0.

Taking expectation, we obtain:

E (F (x̂S)− F (x∗) + 〈λ∗,Ax̂S − b〉) ≥ 0.

Then from Theorem 1, we obtain

E (F (x̂S)− F (x∗) + 〈λ∗,Ax̂S − b〉) ≤ C1

m
θ1,S , (58)

and

E‖mβ
θ1,S

(Ax̂S − b) + λ0
0 −

β(m− 1)θ2
θ1,0

(Ax0 − b)− λ∗‖2 ≤ 2βC1, (59)

So

E‖mβ
θ1,S

(Ax̂S − b) + λ0
0 −

β(m− 1)θ2
θ1,0

(Ax0 − b)− λ∗‖ ≤
√

2βC1, (60)

where we use the fact that 0 ≤ E (ξ − E(ξ))
2

= E|ξ|2 − |Eξ|2, and set ξ =

‖ mβθ1,S
(Ax̂S − b) +λ0

0 −
β(m−1)θ2

θ1,0
(Ax0 − b)−λ∗‖. Since ‖a−b‖ ≥ ‖a‖− ‖b‖,

we obtain

E‖mβ
θ1,S

(Ax̂S − b) ‖ ≤ C2, (61)
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where C2 =
√

2βC1 + ‖λ0
0 −

β(m−1)θ2
θ1,0

(Ax0 − b)− λ∗‖. Thus

E‖Ax̂S − b‖ ≤ C2

mβ
θ1,S = O(

1

S
). (62)

For E (F (x̂S)− F (x∗) + 〈λ∗,Ax̂S − b〉) ≥ 0, we obtain

−E‖λ∗‖‖Ax̂S − b‖ ≤ E (F (x̂S)− F (x∗)) ≤ C1

m
θ1,S + E‖λ∗‖‖Ax̂S − b‖. (63)

So

E|F (x̂S)− F (x∗)| ≤ O(
1

S
). (64)

This ends the proof.

3 Experiments

3.1 Lasso Problems

We compare our method with (1) STOC-ADMM [5], (2) SVRG-ADMM [8],
(3) OPT-SADMM [3], (4) SAG-ADMM [9]. We implement those algorithms as
follows:

• STOC-ADMM [5]. The step size for STOC-ADMM γ = 1/(L2 + σk
1
2 +

β‖ATA‖). We set βs = min(10, ρsβ0) and tune σ from {10−5, 10−4, 10−3}.

• OPT-ADMM [3]. The step size for OPT-ADMM γ = 1/(L2 + σk
3
2 +

β‖ATA‖). We set βs = min(10, ρsβ0) and tune σ from {10−7, 10−6, 10−5}.

• SVRG-ADMM [8]. The step size for SVRG-ADMM γ = 1/(L2+β‖ATA‖).
We set βs = min(10, ρsβ0).

• SAG-ADMM [9]. The step size for SAG-ADMM γ = 1/(L2 + β). We set
βs = min(10, ρsβ0).

• ACC-SADMM (ours). The step size for ACC-SADMM is γ = 1/(L2(1 +
2
b ) + β0

θ1,s
‖ATA‖).

For all the other algorithms, we tune ρ from {1, 1.05, 1.1, 1.3}. And we tune β0
from {10−4, 10−3, 10−2, 10−1}. We normalize the Frobenius norm of each feature
to 1. For the original Lasso problem, L2 = 1. For the Graph-Guided Fused Lasso
problem, L2 is tuned from {1 × 10k, 2 × 10k, 5 × 10k| − 5 ≤ k ≤ −1, k ∈ Z} to
obtain the best step size for each algorithm.

In experiment, we first fix σ = 0 and ρ = 1 and then tune the parameters β0
and L2 based on the first 10 data passes. Then we retune the parameters for σ
and ρ. For some algorithms, there are 4 parameters to tune. However, we find
that the major factors of the speed for the algorithms are β0 and L2.
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Fig. 1 shows more experimental results with fixed L2 = 0.01 for the original
Lasso problem and the Graph-Guided Fused Lasso problem on the a9a and
mnist datasets. Fig. 2 and 3 reports the testing loss for original Lasso and
Graph-Guided Fused Lasso. Table 1 reports the memory costs of all algorithms.
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Figure 3. Illustration of the proposed approach. The evolutionary process of our PDE (solid arrow) with respect to the time (t =
0, T/N, · · · , T,) extracts the feature from the image and the gradient descent process (hollow arrow) learns a transform to represent the
feature.

Frostig, Roy, Ge, Rong, Kakade, Sham, and Sidford,
Aaron. Un-regularizing: approximate proximal point
and faster stochastic algorithms for empirical risk min-
imization. In Proc. Int’l. Conf. on Machine Learning,
2015.

He, Bingsheng and Yuan, Xiaoming. On the O(1/n) con-
vergence rate of the douglas–rachford alternating direc-
tion method. SIAM Journal on Numerical Analysis, 50
(2):700–709, 2012.

Hien, Le Thi Khanh, Lu, Canyi, Xu, Huan, and Feng, Ji-
ashi. Accelerated stochastic mirror descent algorithms
for composite non-strongly convex optimization. arXiv
preprint arXiv:1605.06892, 2016.

Johnson, Rie and Zhang, Tong. Accelerating stochastic
gradient descent using predictive variance reduction. In
Proc. Conf. Advances in Neural Information Processing
Systems, 2013.

Kim, Seyoung, Sohn, Kyung-Ah, and Xing, Eric P. A mul-
tivariate regression approach to association analysis of a
quantitative trait network. Bioinformatics, 25(12):i204–
i212, 2009.

Li, Huan and Lin, Zhouchen. Optimal nonergodic O(1/k)
convergence rate: When linearized ADM meets nes-
terov’s extrapolation. arXiv preprint arXiv:1608.06366,
2016.

Lin, Hongzhou, Mairal, Julien, and Harchaoui, Zaid. A
universal catalyst for first-order optimization. In Proc.
Conf. Advances in Neural Information Processing Sys-
tems, 2015a.

Lin, Zhouchen, Liu, Risheng, and Su, Zhixun. Linearized
alternating direction method with adaptive penalty for
low-rank representation. In Proc. Conf. Advances in
Neural Information Processing Systems, 2011.

Lin, Zhouchen, Liu, Risheng, and Li, Huan. Linearized
alternating direction method with parallel splitting and
adaptive penalty for separable convex programs in ma-
chine learning. Machine Learning, 99(2):287–325,
2015b.

Lu, Canyi, Li, Huan, Lin, Zhouchen, and Yan, Shuicheng.
Fast proximal linearized alternating direction method of
multiplier with parallel splitting. arXiv preprint arX-
iv:1511.05133, 2015.

Nesterov, Yurii. A method for unconstrained convex mini-
mization problem with the rate of convergenceO(1/k2).
In Doklady an SSSR, volume 269, pp. 543–547, 1983.

Nesterov, Yurii. On an approach to the construction of op-
timal methods of minimization of smooth convex func-
tions. Ekonomika i Mateaticheskie Metody, 24(3):509–
517, 1988.

Nesterov, Yurii. Introductory lectures on convex optimiza-
tion: A basic course, volume 87. 2013.

Nitanda, Atsushi. Stochastic proximal gradient descent
with acceleration techniques. In Proc. Conf. Advances
in Neural Information Processing Systems, 2014.

Ouyang, Hua, He, Niao, Tran, Long, and Gray, Alexan-
der G. Stochastic alternating direction method of multi-
pliers. Proc. Int’l. Conf. on Machine Learning, 2013.

Figure 1: Experimental results of solving the original Lasso and the Graph-
Guided Fused Lasso problem on the a9a and mnist datasets with L2 = 0.01.

Table 1: Memory Costs for Storing Data on Different Datasets.
a9a covertype mnist dna ImageNet

STOC-ADMM 2.31KB 1.69KB 123KB 25.0KB 62.5MB

OPT-ADMM 2.89KB 2.10KB 153KB 31.3KB 78.1MB

SVRG-ADMM 3.47KB 2.53KB 184KB 37.5KB 93.8MB

SAG-ADMM 82.9MB 0.23GB 3.50GB 28.6GB 38.2TB

ACC-ADMM 7.51MB 5.48KB 398KB 81.3KB 208MB

3.2 Multitask Learning

We perform experiments on multitask learning [2]. A similar experiment is
also conducted by [8]. The experiment is performed on a 1000-class ImageNet

24



5 10 15 20 25 30 35 40
number of effective passes 

0.112

0.114

0.116

0.118

0.12

te
st

 lo
ss

(a) a9a-original Lasso

5 10 15 20 25 30 35 40
number of effective passes 

0.369

0.37

0.371

0.372

0.373

0.374

0.375

0.376

te
st

 lo
ss

(b) covertype-original Lasso

5 10 15 20 25 30 35 40
number of effective passes 

0.19

0.195

0.2

0.205

0.21

te
st

 lo
ss

(c) mnist-original Lasso

5 10 15 20 25 30 35 40
number of effective passes 

2.8

3

3.2

3.4

3.6

3.8

te
st

 lo
ss

#10-3

(d) dna-original Lasso

880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934

935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989

Faster and Non-ergodic O(1/K) Stochastic Alternating Direction Method of Multipliers

5 10 15 20 25 30 35 40

number of effective passes 

10-5

10-4

10-3

10-2

ob
je

ct
iv

e 
ga

p

STOC-ADMM STOC-ADMM-ERG OPT-ADMM SVRG-ADMM SVRG-ADMM-ERG SAG-ADMM SAG-ADMM-ERG ACC-SADMM

5 10 15 20 25 30 35 40

number of effective passes 

0.112

0.114

0.116

0.118

0.12

te
st

 lo
ss

5 10 15 20 25 30 35 40

number of effective passes 

10-3

10-2

ob
je

ct
iv

e 
ga

p

5 10 15 20 25 30 35 40

number of effective passes 

0.37

0.372

0.374

0.376

te
st

 lo
ss

5 10 15 20 25 30 35 40

number of effective passes 

10-3

10-2

10-1

ob
je

ct
iv

e 
ga

p

5 10 15 20 25 30 35 40

number of effective passes 

0.19

0.195

0.2

0.205

0.21
te

st
 lo

ss

5 10 15 20 25 30 35 40

number of effective passes 

10-4

10-3

ob
je

ct
iv

e 
ga

p

(a) a9a (b) covertype (b) mnist (d) dna

5 10 15 20 25 30 35 40

number of effective passes 

2.8

3

3.2

3.4

3.6

3.8

te
st

 lo
ss

×10-3

Figure 3. Illustration of the proposed approach. The evolutionary process of our PDE (solid arrow) with respect to the time (t =
0, T/N, · · · , T,) extracts the feature from the image and the gradient descent process (hollow arrow) learns a transform to represent the
feature.
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Figure 2: The curves of testing loss in solving the original Lasso problem corre-
sponding to the experiment in the paper. “-ERG” represents the ergodic results
for the corresponding algorithms.

dataset [6]. The features are generated from the last fully connected layer of
the convolutional VGG-16 net [7]. Since there is no parameter tuning issue,
we use the validation set of ImageNet as the test set of the algorithms being
compared. There are 1, 281, 167 training images and the validation set includes
50, 000 images. 4096 features are generated from the last fully connected layer of
the convolutional VGG-16 net [7]. We solve the problem: minX l(X)+µ1‖X‖1+
µ2‖X‖∗, where l(X) is the logistic loss. Like [8], we set µ1 = 10−4 and µ2 =
10−5. We set the mini-batchsize b = 2000 since ‖X‖∗ should be solved through
Singular Value Decomposition at each step.

Fig. 4 shows the objective gap and test error against iteration. Our method
is also faster than other SADMM. Our final test error is 30.9% while using the
weight from the softmax layer of the original VGG model [7], the test error is
32.4%.
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Figure 3: The curves of testing loss in solving the Graph-Guided Fused Lasso
problem corresponding to the experiment in the paper. “-ERG” represents the
ergodic results for the corresponding algorithms.
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Figure 4: The experimental result of Multitask Learning.
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