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Abstract

The alternating direction method of multipliers (ADMM) has been widely used for various sep-
arable convex optimization problems in different applications. When considering some complicated
optimization problems arising in scientific computing areas, it is necessary to inexactly solve the
subproblem in the ADMM to reduce vast computations. In this work, we propose and analyze a new
inexact ADMM algorithm nested with some easily applicable inexactness criterion. Under the same
conditions ensuring the linear convergence of the exactly-solved ADMM, we prove that the proposed
inexactness criterion can guarantee the linear convergence of our inexact ADMM. Then we apply the
algorithm to two nonlinear inverse problems in elliptic equations and present the specific implemen-
tation details. Numerical results for identifying discontinuous coefficients in elliptic equations are
reported to demonstrate the feasibility and efficiency of the proposed inexact ADMM algorithm.
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1 Introduction

Many practical problems can be attributed to solving the following regularized optimization problem{
min
u,z

J(u) +R(z)

s.t. Au+Bz = b, u ∈ U , z ∈ Z,
(1.1)

where U and Z are two Hilbert spaces. The functional J : U → R is smooth and strongly convex,
R : Z → R is a convex functional (not necessarily smooth), A, B are two non-zero bounded linear
operators with A : U → H, B : Z → H, and H is also a Hilbert space. There are some special cases of
the optimization problem (1.1). For instance, if B = −I and b = 0, then (1.1) reduces to the problem
minu J(u) + R(Au); furthermore, if A = I , B = −I , b = 0 and R(·) = IC(·) being an indicator
function on C ⊂ U , then (1.1) becomes minu∈C J(u).

The alternating direction method of multipliers (ADMM), originally proposed by Glowinski and
Marrocco [22], has gained prominence for its efficacy in solving complicated optimization problem
(1.1), which arise in various areas, including inverse problems, signal processing, image reconstruction,
control systems, statistics and so on. We refer to [5, 9, 13, 47, 51] for some applications, and [5, 16, 21]
for comprehensive overviews of recent works. In order to apply the ADMM to the problem (1.1), it first
introduces the augmented Lagrangian functional Lβ of (1.1) as follows

Lβ(u, z, λ) = J(u) +R(z)− (λ,Au+Bz − b) +
β

2
‖Au+Bz − b‖2,
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where λ is the Lagrange multiplier associated with the constraint Au + Bz = b, and β > 0 a penalty
parameter. (·, ·) represents the inner product in the corresponding Hilbert spaces, and ‖ · ‖ is the norm
induced by the inner product. Then we can solve problem (1.1) by the ADMM algorithm:

uk+1 = arg min
u∈U

Lβ(u, zk, λk),

zk+1 = arg min
z∈Z

Lβ(uk+1, z, λk),

λk+1 = λk − β(Auk+1 +Bzk+1 − b).

(1.2)

The ADMM (1.2) was regarded in [19] as an application of the Douglas-Rachford splitting method
(DRSM) proposed in [12, 36] to the dual problem of (1.1), and was further explained in [15] as an appli-
cation of the proximal point algorithm (PPA) [38, 40] from the maximal monotone operator perspective.
Due to its extensive applications and subsequently a large amount of researches on the algorithm and its
variants, there has been an abundance of works on the theoretical analysis on the global convergence and
rate of convergence. The convergence of ADMM was well studied in earlier literature [19, 20] and the
worst-case O(1/K) convergence rate has been established in [32, 33, 39] as well, where K denotes the
iteration counter. Under the assumption that both objective functions are strongly convex (one of them
being quadratic), an accelerated ADMM (with a predictor-corrector-type acceleration step) was pro-
posed in [25] and shown having an O(1/K2) convergence rate in the sense of primal and dual residuals.
Whenever objective functions without strong convexity, [45] proposed a faster ADMM with a worst-case
O(1/K2) convergence rate in ergodic sense for solving the two-block optimization problems with the
constraint Au = z, where the Lagrangian penalty parameter was iteratively updated. More works on this
topic can be referred to the review works [5, 21, 16] and the references therein.

Compared with the plentiful works devoted to the applications of the ADMM, the research on its
linear convergence rate is relatively fewer. It is worth noting that the ADMM converges linearly at
global sense [14] for linear programming, and [4] established a local linear convergence rate for convex
quadratic programming under the condition that both the primal and dual optimization problems have
unique solutions. While for more general case, the work [35] proved the linear convergence rate of the
ADMM (more than two blocks) under a certain form that ensures each subproblem is strongly convex
and the dual step size is sufficiently small. Motivated by the fact that a large amount of applications trace
back to model (1.1) with at least one strongly convex function, [11] established the global and linear con-
vergence of the generalized ADMM under the assumptions of strongly convex and Lipschitz continuous
gradient on one of the two objective functions, and it summarized some linear convergence results for
different scenarios along with certain conditions on A and B. An inexact ADMM was proposed in [27]
for a separable convex optimization problem with multi-blocks in finite dimensional Euclidean spaces,
where each subproblem was solved approximately via an accelerated gradient method. The algorithm has
the ergodic convergence rate of O(1/K) for convex problems and O(1/K2) under additionally strong
convexity, and it is 2-step linearly convergent when an error-bound condition holds. Taking advantage
of a specific feature of the ADMM with part of the perturbation being automatically zero, [37] proposed
a partial error bound condition, which is weaker than those in the literatures (see e.g., [35, 49]), and
derived the linear convergence rate of the ADMM. More conclusions about linear convergence of the
ADMM can refer to [51].

1.1 Motivations and goals

The ADMM can be viewed as a splitting version of the classical augmented Lagrangian method (ALM)
proposed in [34, 44], the latter minimizes Lβ(u, z, λ) with respect to u, z and then updates λ. Compared
with the ALM for (1.1), the ADMM can decouple the constraint of the two variables u and z, then
solve two unconstrained subproblems respectively, and it usually runs faster due to the relatively simple
subproblems. However, for the optimization problem (1.1) in large scale dimensions or with complicated
objective functions, at least one of the subproblems in the ADMM (1.2) is expensive and difficult to solve,
such as the Lasso model [5, 52], the optimal control and inverse problems of PDEs [23, 24, 45]. Then it
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is necessary to consider an inexact version of the ADMM (1.2) by designing certain inexactness criterion
which is applicable and easy to implement.

There are some earlier works on inexact ADMM algorithms which require a summable sequence of
accuracy constants (see, e.g. [15, 16, 17, 31, 42, 50]). The summable requirement on the error sequences
in terms of either absolute or relative errors often makes these inexact methods difficult to implement in
practical applications, because manually choosing the parameters in the sequences is quite challenging,
and inappropriate choices may ruin the numerical performance of the whole method. Recently, an elegant
and easily implementable inexactness criterion ‖ek(uk+1)‖ ≤ σ‖ek(uk)‖ with 0 < σ < 1 was proposed
in [23, 52] as the stopping condition of some iterative algorithm for solving the first subproblem of (1.2),
in which ek(u) := DuLβ(u, zk, λk). This inexact approach benefits from that the parameter σ measuring
the relative error of ‖ek(uk+1)‖ is fixed by a specific formula as a constant through all the iterations,
and makes the inexact ADMM fully automatic and practical for numerical implementations, which is
significantly different from those in earlier works. It also has the characteristics of less computation and
robustness to different settings, which are demonstrated in numerical experiments.

It should be mentioned that both the works [23, 52] were discussing the inexact ADMM for specific
problems, i.e, a parabolic optimal control problem in [23] and the Lasso problem in [52]. Both the
problems share the common feature that the objective function J(·) in (1.1) is in quadratic form, and the
corresponding method was only theoretically proved to be of first-order convergence rate, which does not
account for faster linear convergence rate observed in numerical results. These issues will be addressed
in this work.

The first aim of this work is to analyze the convergence and convergence rate of an inexact version
of the ADMM (1.2) with the criterion (2.3) for the generic problem (1.1). The second one is to design a
new inexactness criterion for the ADMM (1.2) achieving linear convergence rate, and then to analyze it
rigorously under the same assumptions on (1.1) that ensure the linear convergence of the exactly-solved
ADMM (1.2). Moreover, we apply our proposed inexact ADMM to two nonlinear inverse coefficient
problems of elliptic equations formulated in (4.1) and (4.2), to reduce the computational cost on the
premise of ensuring linear convergence.

1.2 Organization

The rest of this paper is organized as follows. In section 2, we extend the inexact version of the ADMM
(1.2) with the inexactness criterion (2.3) in [23, 52] to the generic problem (1.1), and obtain the global
convergence and the worst-case O(1/K) convergence rate measured by iteration complexity in both
ergodic and non-ergodic senses. In section 3, a new inexactness criterion is proposed for the ADMM
(1.2) guaranteeing the linear convergence rate under the assumption that J(·) is strongly convex and has
a Lipschitz continuous gradient, then the global linear convergence rate of the new method is rigorously
established. In section 4, we illustrate the feasibility of applying our method to the regularized nonlinear
inverse coefficient problems (4.1) and (4.2) for elliptic equations, and specify some implementation
details. Numerical results are reported in section 5 to validate the efficiency of the proposed method.
Finally, some conclusions are drawn in section 6.

2 Inexact ADMM for the problem (1.1)

In this section, we consider the extension of the inexact ADMM algorithm, that is (1.2) with the inex-
actness criterion (2.3) proposed in [23, 52] for quadratic problems, to the general convex optimization
problem (1.1) with the conditions in Assumption 1, and present some results on its global convergence
and convergence rate.

Assumption 1. The functional J : U → R is α-strongly convex with continuous first-order derivative
DJ(·), i.e, there exists a constant α > 0 such that(

DJ(u1)−DJ(u2), u1 − u2

)
≥ α‖u1 − u2‖2, ∀ u1, u2 ∈ U . (2.1)
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The considered inexact ADMM reads: obtain the iterate (uk+1, zk+1, λk+1) by
uk+1 ≈ arg min

u∈U
Lβ(u, zk, λk),

zk+1 = arg min
z∈Z

Lβ(uk+1, z, λk),

λk+1 = λk − β(Auk+1 +Bzk+1 − b),

(2.2)

such that uk+1 solved by some iterative algorithm (e.g., the conjugate gradient (CG) method) admits the
following inexactness criterion

‖ek(uk+1)‖ ≤ σ‖ek(uk)‖, (2.3)

where the constant σ satisfies

0 < σ <

√
2α√

2α+
√
β‖A∗‖

∈ (0, 1), (2.4)

and the notation ek(u) denotes the derivative of Lβ(u, zk, λk) with respective to u, that is

ek(u) = DuLβ(u, zk, λk) = DJ(u)−A∗λk + βA∗(Au+Bzk − b). (2.5)

2.1 Convergence

To present the convergence analysis for the inexact ADMM algorithm, some notations are introduced as
follows

w =

uz
λ

 , v =

(
z
λ

)
, F (w) =

DJ(u)−A∗λ
−B∗λ

Au+Bz − b

 , H =

(
βB∗B 0

0 1
β I

)
,

and
W = U × Z ×H, V = Z ×H,

where DJ(u) stands for the first-order derivative of J(·) at u ∈ U . We also define the norm

‖v‖H :=
√

(v,Hv) =

√
β‖Bz‖2 +

1

β
‖λ‖2, ∀ v ∈ V.

It is easy to see that the problem (1.1) can be characterized by a variational inequality problem: find
w∗ = (u∗, z∗, λ∗)> ∈W such that

R(z)−R(z∗) + (w − w∗, F (w∗)) ≥ 0, ∀ w ∈W. (2.6)

We denote by W ∗ the solution set of (2.6), as analyzed in [32], W ∗ has the following reprentation.

Theorem 2.1. The solution set W ∗ is convex and it can be characterized as

W ∗ =
⋂
w∈W

{
ŵ ∈W : R(z)−R(ẑ) + (w − ŵ, F (w)) ≥ 0

}
.

It is easy to show that (u∗, Bz∗, A∗λ∗) is unique by using the strong convexity of J(·) in (2.1) and
the KKT conditions of (1.1). If we further assume that operator B is injective, then we can conclude the
uniqueness of z∗. The sequence {wk+1} = {(uk+1, zk+1, λk+1)>} generated by the inexact ADMM
(2.2) satisfies the first-order optimality conditions as follows

DuLβ(uk+1, zk, λk) = ek(u
k+1),

R(z)−R(zk+1)−
(
z − zk+1, B∗(λk − β(Auk+1 +Bzk+1 − b))

)
≥ 0, ∀ z ∈ V,

λk+1 = λk − β(Auk+1 +Bzk+1 − b).
(2.7)
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To simplify the notation, we introduce an auxiliary variable w̄k as

w̄k =

ūkz̄k
λ̄k

 =

 uk+1

zk+1

λk − β(Auk+1 +Bzk − b)

 .

A useful result in Lemma 2.2 can be easily derived from (2.7) and the notation w̄k to characterize the
difference between the points w̄k and w ∈W , which is analogous to Lemma 3.1 in [23].

Lemma 2.2. Let {wk} = {(uk, zk, λk)>} satisfy (2.7). Then for any w ∈W , it holds that

R(z)−R(z̄k) +
(
w − w̄k, F (w̄k)

)
≥
(
u− uk+1, ek(u

k+1)
)

+
1

2

(
‖v − vk+1‖2H − ‖v − vk‖2H + ‖vk − vk+1‖2H

)
.

We can derive an estimate of ek(uk+1) from (2.3) and (2.5) that

‖ek(uk+1)‖ ≤ σ‖ek(uk)‖ = σ‖ek−1(uk) +A∗(λk−1 − λk)− βA∗B(zk−1 − zk)‖

≤ σ‖ek−1(uk)‖+ σ‖A∗‖
√
β · ‖vk−1 − vk‖H (2.8)

≤
k−1∑
i=0

σk−i
√
β‖A∗‖ · ‖vi − vi+1‖H + σk‖e0(u1)‖. (2.9)

Then the upper bound property of the term (uk+1−u, ek(uk+1)) is further obtained from (2.9) in Lemma
2.3 analogous to [23, Lemma 3.2], which will be used to prove the global convergence results eventually.

Lemma 2.3. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the inexact ADMM (2.2) with
the inexactness criterion (2.3). Then for any µ > 0 and integer K > 0, we have

K∑
k=1

(
uk+1 − u, ek(uk+1)

)
≤ µ

2

K∑
k=1

σ

1− σ
‖uk+1 − u‖2 +

1

2µ

K−1∑
k=1

σ

1− σ
β‖A∗‖2‖vk − vk+1‖2H

+
1

2µ

σ

1− σ
(
‖e0(u1)‖+

√
β‖A∗‖ · ‖v0 − v1‖H

)2
, ∀ u ∈ U .

With the above preparations, now we can establish the global convergence property of the inexact
ADMM (2.2) with the inexactness criterion (2.3).

Theorem 2.4. Letw∗ = (u∗, z∗, λ∗)> be a solution point of the variational inequality (2.6), and {wk} =
{(uk, zk, λk)>} the sequence generated by the inexact ADMM (2.2) with the inexactness criterion (2.3).
Then we have the following assertions:

(i) ‖uk − u∗‖ → 0, ‖Bzk −Bz∗‖ → 0, ‖A∗λk −A∗λ∗‖ → 0 (k →∞),

(ii) ‖ek(uk+1)‖ → 0, ‖Bzk −Bzk+1‖ → 0, ‖Auk+1 +Bzk+1 − b‖ → 0 (k →∞),

(iii) there exists a subsequence {λkj} ⊂ {λk}, such that λkj weakly converges to λ∗ in Hilbert space
H.

Proof. First, it yields from the definition of F (·) and the strong convexity of J(·) in (2.1) that(
w − w̄k, F (w)− F (w̄k)

)
=
(
u− ūk, DJ(u)−DJ(ūk)

)
≥ α‖u− uk+1‖2, ∀ w ∈W. (2.10)

Then by using Lemmas 2.2 and 2.3, we obtain

0 ≤
K∑
k=1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w∗)

)}
(2.11)
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≤
K∑
k=1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)
+
(
w̄k − w∗, F (w∗)− F (w̄k)

)}
≤ 1

2

(
‖v1 − v∗‖2H − ‖vK+1 − v∗‖2H

)
− 1

2

K∑
k=1

‖vk − vk+1‖2H

+
K∑
k=1

{(
uk+1 − u∗, ek(uk+1)

)
−
(
w∗ − w̄k, F (w∗)− F (w̄k)

)}
≤ 1

2

(
‖v1 − v∗‖2H − ‖vK+1 − v∗‖2H

)
− 1

2

K∑
k=1

‖vk − vk+1‖2H − α
K∑
k=1

‖uk+1 − u∗‖2

+
µ

2

K∑
k=1

σ

1− σ
‖uk+1 − u∗‖2 +

1

2µ

K−1∑
k=1

σ

1− σ
β‖A∗‖2‖vk − vk+1‖2H

+
1

2µ

σ

1− σ
(
‖e0(u1)‖+

√
β‖A∗‖ · ‖v0 − v1‖H

)2
≤ 1

2

(
‖v1 − v∗‖2H − ‖vK+1 − v∗‖2H

)
+
(µ

2

σ

1− σ
− α

) K∑
k=1

‖uk+1 − u∗‖2

+
1

2

( σ

1− σ
β‖A∗‖2

µ
− 1
)K−1∑
k=1

‖vk − vk+1‖2H −
1

2
‖vK − vK+1‖2H

+
1

2µ

σ

1− σ
(
‖e0(u1)‖+

√
β‖A∗‖ · ‖v0 − v1‖H

)2
.

The above estimate further implies that

(
α− µ

2

σ

1− σ

) K∑
k=1

‖uk+1 − u∗‖2 +
1

2

(
1− σ

1− σ
β‖A∗‖2

µ

)K−1∑
k=1

‖vk − vk+1‖2H ≤ C. (2.12)

It follows from (2.4) that

2α · 1− σ
σ

> β‖A∗‖2 σ

1− σ
,

then we can choose µ ∈
(
β‖A∗‖2 σ

1−σ , 2α · 1−σ
σ

)
to ensure that

α− µ

2

σ

1− σ
> 0 and 1− σ

1− σ
β‖A∗‖2

µ
> 0. (2.13)

Thus, the inequality (2.12) implies that

‖uk+1 − u∗‖ → 0 and ‖vk − vk+1‖H → 0 (k →∞), (2.14)

which deduces
‖B(zk − zk+1)‖ → 0 and ‖λk − λk+1‖ → 0 (k →∞), (2.15)

and
‖Auk+1 +Bzk+1 − b‖ =

1

β
‖λk − λk+1‖ → 0 (k →∞). (2.16)

From (2.14) and (2.16), we have

‖B(zk+1− z∗)‖ = ‖Auk+1 +Bzk+1− b− (Au∗+Bz∗− b)−A(uk+1−u∗)‖ → 0 (k →∞). (2.17)

The convergence of ek(uk+1) can be easily obtained from (2.9) and (2.14) that

‖ek(uk+1)‖ → 0 (k →∞). (2.18)
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Together with the continuity property of DJ(·) in Assumption 1, we have from (2.5), (2.14), (2.16),
(2.18) and the optimality condition DJ(u∗) = A∗λ that

A∗λk −A∗λ∗ = DJ(uk+1)−DJ(u∗) + βA∗(Auk+1 −Auk) + βA∗(Auk +Bzk − b)
− ek(uk+1)→ 0 (k →∞). (2.19)

From Lemma 2.2, we have

0 ≤ R(z̄k)−R(z∗) +
(
w̄k − w∗, F (w∗)

)
= R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)
−
(
w̄k − w∗, F (w̄k)− F (w∗)

)
≤
(
uk+1 − u∗, ek(uk+1)

)
− 1

2

(
‖vk+1 − v∗‖2H − ‖vk − v∗‖2H + ‖vk − vk+1‖2H

)
− α‖uk+1 − u∗‖2.

Then according to Lemma 2.3 and (2.12), it yields

‖vk+1 − v∗‖2H ≤ ‖vk − v∗‖2H + 2
(
uk+1 − u∗, ek(uk+1)

)
≤ ‖vk−1 − v∗‖2H + 2

(
uk − u∗, ek(uk)

)
+ 2
(
uk+1 − u∗, ek(uk+1)

)
≤ ‖v0 − v∗‖2H + 2

k∑
i=0

(
ui+1 − u∗, ek(ui+1)

)
≤ ‖v0 − v∗‖2H + 2

(
u1 − u∗, ek(u1)

)
+ µ

K∑
k=1

σ

1− σ
‖uk+1 − u∗‖2 +

1

µ

K−1∑
k=1

σ

1− σ
β‖A∗‖2‖vk − vk+1‖2H

+
1

µ

σ

1− σ
(
‖e0(u1)‖+

√
β‖A∗‖ · ‖v0 − v1‖H

)2 ≤ C,

(2.20)

which indicates that λk is bounded in Hilbert space H, thus there exists a subsequence {λkj} ⊂ {λk}
and λ̂ ∈ H, such that λkj weakly converges to λ̂.

In addition, it follows from (2.7) that the subsequence {wkj} satisfies the following first-order opti-
mal conditions: {

ek(u
kj+1) +A∗λkj+1 + βA∗B(zkj+1 − zkj ) = DJ(ukj+1),

R(z)−R(zkj+1)− (λkj+1, B(z − zkj+1)) ≥ 0, ∀ z ∈ Z.
(2.21)

(2.22)

Let z = z∗ in (2.22), and z = zkj+1 in R(z)−R(z∗)− (λ∗, B(z − z∗)) ≥ 0, ∀ z ∈ Z , we have

−‖λ∗‖ · ‖B(zkj+1 − z∗)‖ ≤ R(zkj+1)−R(z∗) ≤ ‖λkj+1‖ · ‖B(zkj+1 − z∗)‖.

From (2.17), and the boundness of λkj+1, it can derive that

R(zkj+1)→ R(z∗) (j →∞). (2.23)

Hence, together with (2.15), (2.18), (2.19), (2.21), the continuity ofDJ(·), (2.17), (2.23), the boundeness
of λkj+1 and the identity (λkj+1, Bzkj+1) = (λkj+1, Bz∗) + (λkj+1, Bzkj+1 −Bz∗), we derive that

A∗λ̂ = DJ(u∗), B∗λ̂ ∈ ∂R(z∗), Au∗ +Bz∗ = b,

which concludes that (u∗, z∗, λ̂)> is a KKT point of (1.1), with λ̂ = λ∗ and λkj ⇀ λ∗. The proof is
completed.

Remark 2.5. If we further assume that the operator B is injective, then we can easily derive that

zk → z∗ (k →∞).
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2.2 Convergence rate

In this subsection, we establish a worst-case O(1/K) convergence rate in both ergodic and non-ergodic
senses for the inexact ADMM (2.2) with the inexactness criterion (2.3), where K denotes the iteration
counter.

We first introduce a criterion to measure the accuracy of the variational inequality (2.6). According
to the criterion in [41] and Theorem 2.1, we say that ŵ ∈W is an approximate solution of problem (1.1)
with an accuracy of ε > 0 if

R(ẑ)−R(z) + (ŵ − w,F (w)) ≤ ε, ∀ w ∈ D(ŵ),

where D(ŵ) := {w ∈W : ‖v − v̂‖H ≤ 1}.
Then, applying the inequality (2.11) and the similar technique in the proof of Theorem 4.2 in [23],

we can derive a worst-case O(1/K) convergence rate in the ergodic sense for the inexact algorithm in
the following theorem.

Theorem 2.6. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the inexact ADMM (2.2) with
the inexactness criterion (2.3). For any integer K ≥ 1, we further define ŵK = 1

K

∑K
k=1 w̄

k. Then there
exists C(v) > 0 such that

R(ẑK)−R(z) +
(
ŵK − w,F (w)

)
≤ C(v)

K
, ∀ w ∈ D(ŵK),

where
C(v) =

1

2
||v1 − v||2H +

1

2µ

σ

1− σ

(
||e0(u1)||+

√
β||A∗|| · ||v0 − v1||H

)2
.

We confirm that C(v) is bounded when w ∈ D(ŵK). Indeed, for any integer k ≥ 0, it implies from
(2.20) and (2.15) that ‖vk+1‖H ≤ C, ‖B(zk+1 − zk)‖ ≤ C, which implies ‖v̂K‖H ≤ C and

‖v0 − v‖H ≤ ‖v − v̂K‖H + ‖v0 − v̂K‖H ≤ 1 + ‖v0‖H + ‖v̂K‖H ≤ C, ∀ w ∈ D(ŵK).

The optimality gap and feasibility error for the problem (1.1) are estimated as follows.

Theorem 2.7. Let w∗ = (u∗, z∗, λ∗)> be a solution point to the variational inequality (2.6), and ŵK be
defined in Theorem 2.6. We have that

|J(ûK) +R(ẑK)− J(u∗)−R(z∗)| ≤
(

1 +
α

2
· 1

α− µ
2

σ
1−σ

)C(v∗)

K
+

2Cλ‖λ∗‖
βK

, (2.24)

and
‖AûK +BẑK − b‖ ≤

2Cλ
βK

, (2.25)

where Cλ is the upper bound of ‖λk‖ (the boundedness of ‖λk‖ is confirmed in the proof of Theorem
2.4).

Proof. It easily deduces from (2.11) that

1

K

K∑
k=1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)}
≤ C(v∗)

K
+
µ

2

σ

1− σ
1

K

K∑
k=1

‖uk+1 − u∗‖. (2.26)

By the strong convexity of J(·), we obtain the estimate for the left hand side of (2.26) that

1

K

K∑
k=1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)}

8



=
1

K

K∑
k=1

{
R(z̄k)−R(z∗) +

(
ūk − u∗, DJ(ūk)

)
−
(
ūk − u∗, A∗λ̄k

)
−
(
z̄k − z∗, B∗λ̄k

)
+
(
λ̄k − λ∗, Aūk +Bz̄k − b

)}
≥ 1

K

K∑
k=1

{
R(z̄k)−R(z∗) + J(ūk)− J(u∗) +

α

2
‖uk+1 − u∗‖2 −

(
λ∗, Aūk +Bz̄k − b

)}
.

Then it follows from (2.26), the convexity of J(·) and R(·) that

J(ûK) +R(ẑK)− J(u∗)−R(z∗)−
(
λ∗, AûK +BẑK − b

)
≤ C(v∗)

K
+
(µ

2

σ

1− σ
− α

2

) 1

K

K∑
k=1

‖uk+1 − u∗‖2

≤ C(v∗)

K
+

α

2K

K∑
k=1

‖uk+1 − u∗‖2

≤ C(v∗)

K
+

α

2K

C(v∗)

α− µ
2

σ
1−σ

=
(

1 +
α

2
· 1

α− µ
2

σ
1−σ

)C(v∗)

K
,

where α − µ
2

σ
1−σ > 0 in (2.13) is applied for the second inequality, and the third inequality is obtained

from (2.12). Then (2.24) is obtained based on the fact that

J(u) +R(z)− J(u∗)−R(z∗)−
(
λ∗, Au+Bz − b

)
≥ 0, ∀ u ∈ U , z ∈ Z.

The boundedness of λk (k = 1, 2, ...) confirmed in the proof of Theorem 2.4 implies that

‖AûK +BẑK − b‖ =
∥∥ 1

K

K∑
k=1

(Auk+1 +BzK+1 − b)
∥∥ ≤ ∥∥ 1

βK

K∑
k=1

(λk − λk+1)
∥∥

≤ 1

βK
‖(λ1 − λK+1)‖ ≤ 2Cλ

βK
.

The proof is completed.

It follows from (2.7) that the iterate (uk+1, zk+1, λk+1)> satisfies

R(z)−R(zk+1) +
(
w − wk+1, F (wk+1)

)
+

w − wk+1,

βA∗B(zk − zk+1)− ek(uk+1)
0

1
β (λk+1 − λk)

 ≥ 0,

for any w ∈W . Then we can easily derive that (uk+1, zk+1, λk+1)> is a solution point of the algorithm
if and only if

‖vk − vk+1‖2H = 0 and ‖ek(uk+1)‖2 = 0.

Hence, we can measure the accuracy of the iterate (uk+1, zk+1, λk+1)> by ‖vk−vk+1‖2H and ‖ek(uk+1)‖2.
The following theorem originates from the inequality (2.11) and the similar technique in the proof of
Theorem 4.3 in [23], and it shows that the inexact method has a worst-case O(1/K) convergence rate in
non-ergodic sense.
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Theorem 2.8. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the inexact ADMM (2.2) with
the inexactness criterion (2.3). Then, for any integer K > 0, there exist C1, C2, C3 > 0, such that

min
1≤k≤K

{
‖vk − vk+1‖2H

}
≤ C1

K
and min

1≤k≤K

{
‖ek(uk+1)‖2

}
≤ C2

K
+
C3

K2
,

where 

C1 =
1

µ0
C(v∗), µ0 :=

1

2

(
1− σ

1− σ
β||A∗||2

µ

)
,

C2 = 2
( σ

1− σ
√
β||A∗||

)2
· 1

µ0
C(v∗),

C3 = 2
( σ

1− σ

)2
·
(
||e0(u1)||+

√
β||A∗|| · ||v0 − v1||H

)2
.

Remark 2.9. It is still open to prove the linear convergence of the inexact ADMM (2.2) with the inexact-
ness criterion (2.3) as illustrated in numerical tests. Note that we only employ the third inequality (2.9)
instead of the first one (2.3) to estimate the convergence and convergence rate results in Theorems 2.4,
2.6 and 2.8. Hence, strictly speaking, our discussion revolves around the inexact algorithm utilizing the
inequality (2.9) as the inexactness criterion, which is looser than the original one (2.3). Such discrep-
ancies could potentially explain why it is challenging to establish the linear convergence for the inexact
ADMM (2.2) with the inexactness criterion (2.3).

3 A new inexact ADMM with global linear convergence rate

In this section, we design a new inexactness criterion that can ensure the linear convergence of the
corresponding inexact ADMM. Then the theoretical results are rigorously analyzed provided that J(·)
also has a Lipschitz continuous gradient.

3.1 A new inexactness criterion for the ADMM (2.2)

It is intuitive that the new inexactness criterion should be linearly convergent as the resulting algorithm
behaves. Then a linear convergence rate of {‖ek(uk+1)‖2} is achieved by changing the inexactness
criterion (2.3) into 

‖ek(uk+1)‖ ≤ σ‖ek(uk)‖, k = 0, · · · ,K0,

‖ek(uk+1)‖2 ≤ εσ̄k
k∑
i=1

‖vi−1 − vi‖2H , k ≥ K0 + 1,
(3.1)

whereK0 ≥ 0, ε > 0, σ̄ ∈ (0, 1), and σ satisfies (2.4). In the numerical experiments in section 5, we will
set K0 as a relatively small positive integer to make use of the robustness of inexactness criterion (2.3) to
obtain a good initial iteration, and then flexibly adjust σ̄ when k > K0 to control the desired convergence
speed. Note that it only needs to calculate ‖vi−1−vi‖2H once in each iteration and accumulates to obtain
the summation in (3.1).

For the new inexact ADMM (2.2) nested with the inexactness criterion (3.1), we derive the estimate
in Lemma 3.1 similar to (2.12), which directly deduces the convergence of the new algorithm.

Lemma 3.1. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the new inexact ADMM (2.2)
nested with the inexactness criterion (3.1), and w∗ = (u∗, z∗, λ∗)> be the solution point of the varia-
tional inequality (2.6). Then for any integer K > 0, there exists C > 0, such that

K∑
k=1

‖uk+1 − u∗‖2 +
K−1∑
k=1

‖vk − vk+1‖2H ≤ C. (3.2)
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Proof. We only need to consider the case k ≥ K0 + 1. It derives from (3.1) that

K∑
k=K0+1

(
uk+1 − u∗, ek(uk+1)

)
≤

K∑
k=K0+1

‖uk+1 − u∗‖ · ‖ek(uk+1)‖

≤ α

2

K∑
k=K0+1

‖uk+1 − u∗‖2 +
1

2α

K∑
k=K0+1

‖ek(uk+1)‖2

≤ α

2

K∑
k=K0+1

‖uk+1 − u∗‖2 +
ε

2α

K∑
k=K0+1

σ̄k
k∑
i=1

‖vi−1 − vi‖2H

≤ α

2

K∑
k=K0+1

‖uk+1 − u∗‖2 +
ε

2α

K∑
k=K0+1

σ̄k

1− σ̄
‖vk−1 − vk‖2H

+
ε

2α

σ̄K0+1

1− σ̄

K0∑
k=1

‖vk−1 − vk‖2H .

Then by Lemma 2.2 and (2.10), we can obtain that

0 ≤
K∑

k=K0+1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w∗)

)}
≤

K∑
k=K0+1

{
R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)
+
(
w̄k − w∗, F (w∗)− F (w̄k)

)}
≤

K∑
k=K0+1

(
uk+1 − u∗, ek(uk+1)

)
+

1

2

(
‖vK0+1 − v∗‖2H − ‖vK+1 − v∗‖2H

)
− 1

2

K∑
k=K0+1

‖vk − vk+1‖2H −
K∑

k=K0+1

(
w∗ − w̄k, F (w∗)− F (w̄k)

)
≤ −α

2

K∑
k=K0+1

‖uk+1 − u∗‖2 +
1

2

(
‖vK0+1 − v∗‖2H − ‖vK+1 − v∗‖2H

)
− 1

2
‖vK − vK+1‖2H

+

K−1∑
k=K0+1

( ε

2α

σ̄k+1

1− σ̄
− 1

2

)
‖vk − vk+1‖2H +

ε

2α

σ̄K0+1

1− σ̄

K0+1∑
k=1

‖vk−1 − vk‖2H .

Thus, the above estimate implies that

α

2

K∑
k=K0+1

‖uk+1 − u∗‖2 +
1

2

K−1∑
k=K0+1

(
1− ε

α

σ̄k+1

1− σ̄

)
‖vk − vk+1‖2H ≤ C, (3.3)

which can easily conclude the results (3.2) as σ̄ ∈ (0, 1).

From Lemma 3.1 and (3.1), it is easy to deduce that {‖ek(uk+1)‖2} is linearly convergent, i.e., there
exists C > 0, such that

‖ek(uk+1)‖2 ≤ Cσ̄k, k ≥ K0 + 1. (3.4)

In addition, we have ‖uk+1 − u∗‖2 → 0 (k → ∞), then by the similar approach as in the proof of
Theorem 2.4, analogous convergence conclusions still hold for the new inexact ADMM.
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3.2 Analysis of linear convergence rate

Through out this subsection, we additionally make the following assumption for the optimization prob-
lem (1.1).

Assumption 2. The functional J(·) in (1.1) has a Lipschitz continuous gradient around the solution
point u∗, i.e., there exists a constant κ > 0, such that

‖DJ(u)−DJ(u∗)‖ ≤ κ‖u− u∗‖, ∀ u ∈ U . (3.5)

Assumption 3. The operator A in (1.1) is surjective.

It is noticed that the conditions in Assumptions 1-3 is analogous to those for the linear convergence
of the exactly-solved ADMM (1.2) according to Table 1 in [11]. To obtain the linear convergence rate of
{‖vk+1 − v∗‖2H}, we first establish a useful lemma.

Lemma 3.2. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the new inexact ADMM (2.2)
nested with the inexactness criterion (3.1), and v∗ = (z∗, λ∗)> satisfy the variational inequality (2.6).
Then there exist C1, C2 > 0, such that

‖vk − v∗‖2H − ‖vk+1 − v∗‖2H ≥ C1‖vk+1 − v∗‖2H − C2‖ek(uk+1)‖2. (3.6)

Proof. From Lemma 2.2 and (2.10), we can obtain that

0 ≤ R(z̄k)−R(z∗) +
(
w̄k − w∗, F (w∗)

)
= R(z̄k)−R(z∗) +

(
w̄k − w∗, F (w̄k)

)
−
(
w̄k − w∗, F (w̄k)− F (w∗)

)
≤
(
uk+1 − u∗, ek(uk+1)

)
− 1

2

(
‖vk+1 − v∗‖2H − ‖vk − v∗‖2H + ‖vk − vk+1‖2H

)
− α‖uk+1 − u∗‖2, (3.7)

which directly implies

‖vk − v∗‖2H − ‖vk+1 − v∗‖2H
≥ ‖vk − vk+1‖2H + 2α‖uk+1 − u∗‖2 − 2

(
uk+1 − u∗, ek(uk+1)

)
≥ ‖vk − vk+1‖2H + (2α− γ)‖uk+1 − u∗‖2 − 1

γ
‖ek(uk+1)‖2, (3.8)

where γ ∈ (0, 2α).
On one hand, it holds that

‖uk+1 − u∗‖2 ≥ 1

‖A‖2
‖A(uk+1 − u∗)‖2

=
1

‖A‖2
‖Auk+1 +Bzk+1 − b−B(zk+1 − z∗)‖2

=
1

‖A‖2
‖ 1

β
(λk − λk+1)−B(zk+1 − z∗)‖2

=
1− µ0

‖A‖2
‖B(zk+1 − z∗)‖2 − 1− µ0

µ0‖A‖2
1

β2
‖λk − λk+1‖2, (3.9)
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where µ0 ∈ (0, 1). On the other hand, we deduce from (3.5) and (2.5) that

‖uk+1 − u∗‖2 ≥ 1

κ2
‖DJ(uk+1)−DJ(u∗)‖2

=
1

κ2
‖A∗(λk+1 − λ∗)− βA∗B(zk − zk+1) + ek(u

k+1)‖2

≥ (1− µ1)λmin(AA∗)

κ2
‖λk+1 − λ∗‖2

− (1− µ1)(1 + µ2)β2‖A∗‖2

µ1κ2
‖B(zk − zk+1)‖2

− (1− µ1)(1 + µ2)

µ1µ2κ2
‖ek(uk+1)‖2,

(3.10)

where µ1 ∈ (0, 1) and µ2 > 0. Then, choosing µ3 ∈ (0, 1), it yields from (3.8), (3.9) and (3.10) that

‖vk − v∗‖2H − ‖vk+1 − v∗‖2H

≥ β‖B(zk − zk+1)‖2 +
1

β
‖λk − λk+1‖2 + (2α− γ)µ3‖uk+1 − u∗‖2

+ (2α− γ)(1− µ3)‖uk+1 − u∗‖2 − 1

γ
‖ek(uk+1)‖2

≥
[
β − (2α− γ)µ3

(1− µ1)(1 + µ2)β2‖A∗‖2

µ1κ2

]
‖B(zk − zk+1)‖2

+
[ 1

β
− (2α− γ)(1− µ3)

(1− µ0)

µ0‖A‖2
1

β2

]
‖λk − λk+1‖2

+ (2α− γ)(1− µ3)
(1− µ0)

‖A‖2
‖B(zk+1 − z∗)‖2

+ (2α− γ)µ3
(1− µ1)λmin(AA∗)

κ2
‖λk+1 − λ∗‖2

−
[1

γ
+ (2α− γ)µ3

(1− µ1)(1 + µ2)

µ1µ2κ2

]
‖ek(uk+1)‖2.

We choose µ1 and µ0 satisfying

(2α− γ)(1 + µ2)µ3β‖A∗‖2

(2α− γ)(1 + µ2)µ3β‖A∗‖2 + κ2
≤ µ1 < 1 and

(2α− γ)(1− µ3)

(2α− γ)(1− µ3) + β‖A‖2
≤ µ0 < 1

to insure that

β − (2α− γ)µ3
(1− µ1)(1 + µ2)β2‖A∗‖2

µ1κ2
≥ 0 and

1

β
− (2α− γ)(1− µ3)

(1− µ0)

µ0‖A‖2
1

β2
≥ 0.

Then it follows from (3.8) that

‖vk − v∗‖2H − ‖vk+1 − v∗‖2H

≥ (2α− γ)(1− µ3)
(1− µ0)

‖A‖2
‖B(zk+1 − z∗)‖2 (3.11)

+ (2α− γ)µ3
(1− µ1)λmin(AA∗)

κ2
‖λk+1 − λ∗‖2

−
[1

γ
+ (2α− γ)µ3

(1− µ1)(1 + µ2)

µ1µ2κ2

]
‖ek(uk+1)‖2.

Let 
C1 := (2α− γ) min

{
(1− µ3)

(1− µ0)

β‖A‖2
, µ3

(1− µ1)λmin(AA∗)β

κ2

}
> 0,

C2 :=
1

γ
+ (2α− γ)µ3

(1− µ1)(1 + µ2)

µ1µ2κ2
,
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then we can conclude that

‖vk − v∗‖2H − ‖vk+1 − v∗‖2H ≥ C1‖vk+1 − v∗‖2H − C2‖ek(uk+1)‖2.

The proof is completed.

Remark 3.3. Inspired by [48], for the problem (1.1) in finite dimensional Euclidean spaces, the condition
in Assumption 3 can be reduced to Im(B) ⊂ Im(A) for deriving the estimates (3.10) and (3.6), where
Im(·) refers to the image of a matrix. In fact, taking λ0 + βb ∈ Im(A), we can deduce λk+1 =
λ0 −

∑k+1
i=1 β(Aui + Bzi − b) ∈ Im(A). Since Im(A) is closed, then it obtains λ∗ ∈ Im(A) and

λk+1 − λ∗ ∈ Im(A). By the standard SVD A = UΣV > of A, there holds λk+1 − λ∗ = Uη and

‖A>(λk+1 − λ∗)‖2 = ‖V ΣU>Uη‖2

= ‖Ση‖2

≥ λ+(AA>)‖η‖2

= λ+(AA>)‖λk+1 − λ∗‖2,

where λ+(AA>) is the strictly positive minimum eigenvalue of AA> (if rank(A) = r, then only the first
r components of η are nonzero).

Note that (3.6) reduces to the standard contraction property of the sequence {vk} in [33] if the iterate
uk+1 is computed exactly (i.e., ‖ek(uk+1)‖ = 0). Now we are prepared to establish the global linear
convergence rate of {‖vk+1 − v∗‖2H}.

Theorem 3.4. Let {wk} = {(uk, zk, λk)>} be the sequence generated by the new inexact ADMM (2.2)
nested with the inexactness criterion (3.1), and v∗ = (z∗, λ∗)> satisfy the variational inequality (2.6).
Then there exists C > 0, such that

‖vk+1 − v∗‖2H ≤ Cσ̂k+1, σ̂ ∈ (0, 1), k ≥ K0 + 1. (3.12)

Proof. Let σ1 := 1/(1 + C1). By using (3.4) and (3.6), we obtain that

‖vk+1 − v∗‖2H ≤ σ1‖vk − v∗‖2H + C2σ1‖ek(uk+1)‖2

≤ σ1

(
σ1‖vk−1 − v∗‖2H + Cσ1σ̄

k−1
)

+ Cσ1σ̄
k

= σ2
1‖vk−1 − v∗‖2H + Cσ2

1σ̄
k−1 + Cσ1σ̄

k

≤ σk−K0
1 ‖vK0+1 − v∗‖2H + Cσ1

k∑
i=K0+1

σk−i1 σ̄i

= σk−K0
1 ‖vK0+1 − v∗‖2H + Cσk+1

1

k∑
i=K0+1

( σ̄
σ1

)i
,

then it implies

‖vk+1 − v∗‖2H ≤


Cσk+1

1 , σ̄ < σ1,

Cσ̄k+1, σ̄ > σ1,

C(k −K0 + 1)σ̄k+1, σ̄ = σ1.

(3.13)

Therefore, the result (3.12) holds with some σ̂ ∈ [max{σ̄, σ1}, 1).

Remark 3.5. It follows from (3.8) that

(2α− γ)‖uk+1 − u∗‖2 ≤ ‖vk − v∗‖2H +
1

γ
‖ek(uk+1)‖2,

then we can easily obtain from (3.4) and (3.12) that {‖uk+1 − u∗‖2} has a global linear convergence
rate. The estimate (3.12) can guarantee the linear convergence of ‖Bzk − Bz∗‖2. If we further assume
that B is injective, then the linear convergence of ‖zk − z∗‖2 can be obtained.
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4 An implementable inexact ADMM framework for identifying coeffi-
cients in elliptic equations

In this section, we consider to apply the inexact ADMM for solving two nonlinear inverse coefficient
problems with L2-TV regularization for elliptic equations. In the following, (·, ·) and ‖ · ‖ represent the
L2-inner product and the L2-norm, respectively.

Inverse diffusion coefficient problem. The diffusion coefficient u in an elliptic equation is identified
by the following L2-TV regularized optimization problemmin

u

1

2

∫
Ω
u|∇y −∇yδ|2dx+

α

2
‖u‖2 + τ‖u‖TV ,

s.t. −∇ · (u∇y) = f, (u, y) ∈ K ×H1
0 (Ω),

(4.1)

where Ω is a bounded convex polyhedral domain in Rd (d ≤ 2), ∇yδ ∈ (L2(Ω))d is the observation
data, and

K :=
{
u ∈ L∞ ∩BV (Ω) : 0 < a0 ≤ u ≤ a1, a.e. in Ω

}
,

is the admissible set. BV (Ω) endowed with the norm ‖u‖BV := ‖u‖L1(Ω) + ‖u‖TV is a Banach space,
and ‖u‖TV is the total variation (TV) norm defined in [2] as

‖u‖TV := sup
{∫

Ω
u div ϕ dx : ϕ ∈ C1

c (Ω;Rd), ‖ϕ‖∞ ≤ 1
}
,

where C1
c (Ω;Rd) is the set of once continuously differentiable functions with compact support in Ω, and

‖ϕ‖∞ = supx∈Ω(
∑d

i=1 |ϕi(x)|2)1/2. In addition, τ > 0 is a penalty parameter of the TV term.
Inverse potential coefficient problem. The potential coefficient u in an elliptic equation is recovered

by the L2-TV regularized optimization problem as followsmin
u

1

2

∫
Ω
|∇y −∇yδ|2dx+

1

2

∫
Ω
u|y − yδ|2dx+

α

2
‖u‖2 + τ‖u‖TV ,

s.t. −∆y + uy = f, (u, y) ∈ K ×H1
0 (Ω),

(4.2)

where yδ ∈ (L2(Ω))d is the observation data.
The two inverse coefficient problems of elliptic equations with only TV regularization have been dis-

cussed in [10, 28, 29, 54], and the TV regularization is popular for identifying discontinuous or oscillated
coefficients (see, e.g. [1, 6, 7, 10, 26]). As we know that BV (Ω) ↪→ L2(Ω) when d = 1, 2 (see [2]), then
L2(Ω) ∩BV (Ω) and BV (Ω) are equivalent Banach spaces [8]. Then adding the L2 regularization term
is reasonable in (4.1) and (4.2), which also makes the functionals strongly convex and keeps favorable
characters of the TV regularization. In the rest of this section, we mainly focus on the application of the
new inexact ADMM in section 3 to the two optimization problems (4.1) and (4.2).

4.1 Conceptual application of the ADMM

We first discretize the problems (4.1) and (4.2) in the piecewise linear finite element space Vh and obtain
the following discrete problem:

min
uh∈Kh

J(uh) + τ‖∇uh‖L1(Ω), (4.3)

where Kh = Vh ∩K, J(·) = J1(·) or J2(·) depends on the context, and

J1(uh) :=

∫
Ω
uh|∇yh(uh)−∇yδ|2dx+

α

2
‖uh‖2, (4.4)

J2(uh) :=
1

2

∫
Ω
|∇yh(uh)−∇yδ|2dx+

1

2

∫
Ω
uh|yh(uh)− yδ|2dx+

α

2
‖uh‖2, (4.5)
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where yh(uh) in J1(·) and J2(·) are respectively the solutions of the following variational forms∫
Ω
uh∇yh(uh) · ∇φhdx = (f, φh) (4.6)

and ∫
Ω
∇yh(uh) · ∇φhdx+

∫
Ω
uhyh(uh)φhdx = (f, φh) (4.7)

for any φh ∈ Vh ∩H1
0 (Ω).

We next show that the two regularized inverse problems (4.1) and (4.2) satisfy the assumptions in the
previous sections.

Theorem 4.1 ([30]). The functionals J1(·) and J2(·) are α-strongly convex on the convex set Kh, and
both the problems (4.1) and (4.2) exist unique solutions.

The next two theorems indicate that the two regularized inverse problems (4.1) and (4.2) satisfy
Assumption 2.

Theorem 4.2. The functional J1(·) has a Lipschitz continuous gradient around the solution point u∗h ∈
Kh, i.e., there exists κ > 0 such that

‖DJ1(uh)−DJ1(u∗h)‖ ≤ κ‖uh − u∗h‖, ∀ uh ∈ Vh. (4.8)

Proof. For any uh ∈ Kh, we have from [28] that the gradient of the functional J1(·) satisfies(
DJ1(uh), vh

)
= −1

2

∫
Ω

(
|∇yh(uh)|2 − |∇yδ|2

)
vhdx+ α

∫
Ω
uhvhdx, ∀ vh ∈ Vh. (4.9)

Then it obtains that(
DJ1(uh)−DJ1(u∗h), uh − u∗h

)
= −1

2

∫
Ω

(uh − u∗h)
(
|∇yh(uh)|2 − |∇yh(u∗h)|2

)
dx+ α‖uh − u∗h‖2

≤ 1

2
‖uh − u∗h‖L∞(Ω) ·

(
‖∇yh(uh)‖+ ‖∇yh(u∗h)‖

)
· ‖∇yh(uh)−∇yh(u∗h)‖

+ α‖uh − u∗h‖2. (4.10)

From the variational form (4.6), it follows that

0 = (uh∇yh(uh),∇φh)− (u∗h∇yh(u∗h),∇φh)

= (u∗h∇yh(uh)− u∗h∇yh(u∗h),∇φh) + (uh∇yh(uh),∇φh)− (u∗h∇yh(uh),∇φh),

holds for any φh ∈ Vh ∩H1
0 (Ω), then∫

Ω
u∗h
(
∇yh(uh)−∇yh(u∗h)

)
· ∇φh dx = −

∫
Ω

(uh − u∗h)∇yh(uh) · ∇φh dx.

Taking φh = yh(uh)− yh(u∗h), we have∫
Ω
u∗h
(
∇yh(uh)−∇yh(u∗h)

)
·
(
∇yh(uh)−∇yh(u∗h)

)
dx

= −
∫

Ω
(uh − u∗h)∇yh(uh) ·

(
∇yh(uh)−∇yh(u∗h)

)
dx,

which implies that

a0‖∇yh(uh)−∇yh(u∗h)‖2 ≤ ‖uh − u∗h‖L∞(Ω) · ‖∇yh(uh)‖ · ‖∇yh(uh)−∇yh(u∗h)‖,
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and then
‖∇yh(uh)−∇yh(u∗h)‖ ≤ 1

a0
‖∇yh(uh)‖ · ‖uh − u∗h‖L∞(Ω). (4.11)

Now by using (4.10), (4.11), and the equivalence property of norms in finite dimensional space Vh,
there exists C > 0, that(

DJ1(uh)−DJ1(u∗h), uh − u∗h
)

≤ 1

a0

(
‖∇yh(uh)‖+ ‖∇yh(u∗h)‖

)
· ‖∇yh(uh)‖ · ‖uh − u∗h‖2L∞(Ω) + α‖uh − u∗h‖2

≤ (C + α) · ‖uh − u∗h‖2.

(4.12)

Therefore, the estimate (4.8) is obtained from (4.12) and [3, Corollary 18.14].

The gradient of functional J2(·) is as follows [29](
DJ2(uh), vh

)
= −1

2

∫
Ω

(
|yh(uh)|2 − |yδ|2

)
vhdx+ α

∫
Ω
uhvhdx, ∀ uh, vh ∈ Vh, (4.13)

which obtains that(
DJ2(uh)−DJ2(vh), uh − vh

)
=

∫
Ω

(
− 1

2
|yh(uh)|2 +

1

2
|yδ|2 +

1

2
|yh(vh)|2 − 1

2
|yδ|2

)
(uh − vh)dx+ α‖uh − vh‖2.

Similar to the derivation of (4.10)-(4.12), we can also deduce that the functional J2(·) also has a
property similar to J1(·).

Theorem 4.3. The functional J2(·) has a Lipschitz continuous gradient around the solution point u∗h ∈
Kh, i.e., there exists κ > 0 such that

‖DJ2(uh)−DJ2(u∗h)‖ ≤ κ‖uh − u∗h‖, ∀ uh ∈ Vh.

To apply the ADMM algorithm for solving the problems (4.1) and (4.2), we reformulate (4.3) into
an equivalent form  min

(uh,zh)∈Vh×Kh

J(uh) + τ‖∇zh‖L1(Ω)

s.t. uh = zh.
(4.14)

The problem (4.14) is in the form of (1.1) with A = I , B = −I and b = 0, and it satisfies Assumptions
1-3, which are verified in Theorems 4.1-4.3. The corresponding ADMM for solving problem (4.3) is as
follows 

uk+1
h ≈ arg min

uh∈Vh

{
J(uh)− (λkh, uh − zkh) +

β

2
‖uh − zkh‖2

}
,

zk+1
h = arg min

zh∈Kh

{
τ‖∇zh‖L1(Ω) − (λkh, u

k+1
h − zh) +

β

2
‖uk+1

h − zh‖2
}
,

λk+1
h = λkh − β(uk+1

h − zk+1
h ).

(4.15)

4.2 A nonlinear CG method for the uh-subproblem

We reformulate the first subproblem of (4.15) in Euclidean space for the convenience of calculation, that
is

min
u∈RN

Lk(u) := J(u)− (λk,u− zk)M +
β

2
‖u− zk‖2M ,

where M denotes the mass matrix as Mi,j = (φjh, φ
i
h), and u := (u1,u2, · · · ,uN )> is the coefficients

of uh =
∑N

i=1 uiφ
i
h, where {φih}Ni=1 are the finite element basis functions in Vh. The same setting is

also applied to zh and λh, with the coefficients z, λ ∈ RN , respectively.
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Conceptually, we can utilize nonlinear CG algorithms (such as FR-PR type, see e.g. [43]) to solve
the minimum of Lk(u) with the new inexactness criterion (3.1) in the form of

‖gkm+1‖22 ≤


σ2‖gk‖22, k ≤ K0,

εσ̄k
k∑
i=1

[
β‖M(zi−1 − zi)‖22 +

1

β
‖M(λi−1 − λi)‖22

]
, k ≥ K0 + 1,

(4.16)

where km be the counter of the internal iteration, gk := DLk(u
k), and gkm+1 := DLk(u

km+1). We set
uk+1 = ukm+1 if (4.16) is satisfied.

However, two crucial steps should be further addressed, including the computations of the gradient
DJ(u) and the step sizes, which are discussed in the next subsections.

4.2.1 Computation of DJ(u)

The gradient of J(u), denoted as J ′(ukm) at ukm , is in the form of(
J ′(ukm)

)
i

=
(
DJ(ukmh ), φih

)
, i = 1, · · · , N.

• Case J(uh) = J1(uh) in (4.4). We first compute ykm from (4.6) via solving

Akm1 ykm = f , with (Akm1 )i,j = (ukmh ∇φ
j
h,∇φ

i
h), (4.17)

where fi = (f, φih). Then we substitute yh(ukmh ) =
∑N

j=1 y
km
j φjh into (4.9) and compute J ′1(ukm)

by (
J ′1(ukm)

)
i

=
(
− 1

2
|∇yh(ukmh )|2 +

1

2
|∇yδ|2 + αukmh , φih

)
.

• Case J(uh) = J2(uh) in (4.5). Similarly, we can evaluate J ′2(ukm) from (4.13) by

(
Ĵ ′2(ukm)

)
i

=
(
− 1

2
|yh(ukmh )|2 +

1

2
|yδ|2 + αukmh , φih

)
,

where yh(ukmh ) satisfies the variational form (4.7), and its coefficients ykm is computed by solving

Akm2 ykm = f , with (Akm2 )i,j = (∇φjh,∇φ
i
h) + (ukmh φjh, φ

i
h). (4.18)

4.2.2 Computation of the step size ρkm

The other crucial step in the nonlinear CG method is to obtain the step size ρkm satisfying

Lk(u
km − ρkmwkm) ≤ Lk(ukm − ρwkm), ∀ ρ ∈ R, (4.19)

where wkm refers to the conjugate direction. As mentioned in [46], it is computationally demanding to
implement the line search which requires multiple computations of the objective function values and/or
the corresponding gradients. To reduce the computational cost, instead of applying some known line
search strategies (see e.g., [43]), we choose an approximate approach similar as in [24]. It first approxi-
mates the scale function Hkm(ρ) defined as

Hkm(ρ) := Lk(u
km − ρwkm),

by linear expansion of the solution mappings determined by (4.6) and (4.7), then obtains an approximate
step size by an explicit formula. However, it seems that the approach by linear expansion in [24] is not
suitable for our problems. To address this issue, we need to first reformulate the functionals in (4.4) and
(4.5), then approximate the solution mappings by quadratic expansions.
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(1) Case J(uh) = J1(uh) in (4.4). We have from (4.6) the identity (see e.g. [46]) as follows

1

2

∫
Ω
uh|∇yh(uh)−∇yδ|2dx

=
1

2

∫
Ω

(
uh|∇yδ|2 − 2fyδ

)
dx− 1

2

∫
Ω

(
uh|∇yh(uh)|2 − 2fyh(uh)

)
dx,

then the functional J1(uh) in (4.4) can be rewritten as

J1(uh) =
1

2

∫
Ω

(uh|∇yδ|2 − 2fyδ)dx+
1

2

∫
Ω
fyh(uh)dx+

α

2
‖uh‖2. (4.20)

Let yh(uh) = S1(u) with S1(·) being the solution mapping defined by (4.6), the quadratic approximation
of ρ→ S1(ukm − ρwkm) at ρ = 0 is

S1(ukm)− ρS′1(ukm)wkm +
ρ2

2
S′′1 (ukm)(wkm)2. (4.21)

We define
pkmh := S′1(ukm)wkm and qkmh := S′′1 (ukm)(wkm)2,

then pkmh and qkmh satisfy

(ukmh ∇p
km
h ,∇φh) = −(wkmh ∇y

km
h ,∇φh), ∀ φh ∈ Vh ∩H1

0 (Ω), (4.22)

(ukmh ∇q
km
h ,∇φh) = −2(wkmh ∇p

km
h ,∇φh), ∀ φh ∈ Vh ∩H1

0 (Ω). (4.23)

Replacing yh(ukmh ) in (4.20) by (4.21), we thus obtain an approximation ofHkm(ρ) byQkm(ρ) as follows

Qkm(ρ) =
1

2

∫
Ω
ukmh |∇yδ|

2dx− ρ

2

∫
Ω
wkmh |∇yδ|

2dx−
∫

Ω
fyδdx+

1

2

∫
Ω
fykmh dx

− ρ

2

∫
Ω
fpkmh dx+

ρ2

4

∫
Ω
fqkmh dx+

α

2
‖ukm − ρwkm‖2M

− (λk,ukm − ρwkm − zk)M +
β

2
‖ukm − ρwkm − zk‖2M .

Let Q′km(ρkm) = 0, we get

ρkm =
(wkm)>gkm

(α+ β)‖wkm‖2M + 1
2

∫
Ω fq

km
h dx

. (4.24)

Together with (4.6), (4.22) and (4.23),
∫

Ω fq
km
h dx in (4.24) can be calculated directly from pkmh without

solving qkmh in (4.23), and∫
Ω
fqkmh dx =

(
ukmh ∇y

km
h ,∇qkmh

)
= −2(wkmh ∇p

km
h ,∇ykmh ) = 2(ukmh ∇p

km
h ,∇pkmh ),

where pkmh sloves (4.22).
(2) Case J(uh) = J2(uh) in (4.5). We have from (4.7) that J2(uh) can be reformulated as

J2(uh) =
1

2

∫
Ω

(|∇yδ|2 + uh|yδ|2 − 2fyδ)dx+
1

2

∫
Ω
fyh(uh)dx+

α

2
‖uh‖2. (4.25)

We also define the solution mapping of (4.7) as yh(ukmh ) = S2(ukm), and substitute the quadratic
expansion of ρ→ S2(ukm − ρwkm) at ρ = 0 in the form of

S2(ukm)− ρS′2(ukm)wkm +
ρ2

2
S′′2 (ukm)(wkm)2
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into (4.25), which leads to an approximate function Qkm(ρ) of Hkm(ρ) as follows

Qkm(ρ) =
1

2

∫
Ω
ukmh |∇yδ|

2dx− ρ

2

∫
Ω
wkmh |∇yδ|

2dx−
∫

Ω
fyδdx+

1

2

∫
Ω
fykmh dx

+
1

2

∫
Ω
|∇yδ|2dx−

ρ

2

∫
Ω
fpkmh dx+

ρ2

4

∫
Ω
fqkmh dx+

α

2
‖ukm − ρwkm‖2

− (λk,ukm − ρwkm − zk)M +
β

2
‖ukm − ρwkm − zk‖2M ,

where
pkmh = S′2(ukm)wkm and qkmh = S′′2 (ukm)(wkm)2,

with pkmh and qkmh satisfying

(∇pkmh ,∇φh) + (ukmh pkmh , φh) = −(wkmh ykmh , φh), ∀ φh ∈ Vh ∩H1
0 (Ω), (4.26)

(∇qkmh ,∇φh) + (ukmh qkmh , φh) = −2(wkmh pkmh , φh), ∀ φh ∈ Vh ∩H1
0 (Ω). (4.27)

Then the root of Q′km(ρkm) = 0 is given by

ρkm =
(wkm)>gkm

(α+ β)‖wkm‖2M + 1
2

∫
Ω fq

km
h dx

,

where
∫

Ω fq
km
h dx can be evaluated without solving qkmh in (4.27) by∫

Ω
fqkmh dx = 2(∇pkmh ,∇pkmh ) + 2(ukmh pkmh , pkmh ),

which is reformulated by using (4.7), (4.26) and (4.27).

4.3 An inexact ADMM numerical approach for (4.1) and (4.2)

The zh-subproblem in (4.15) can be solved in Vh firstly by an deep convolutional neural network (CNN)
solver in [46, Subroutine 4] which originates from [53], and then project it onto Kh.

With all of the discussions in previous subsections, we are ready to present an inexact ADMM nu-
merical approach for solving the regularized inverse problems (4.1) and (4.2). The proposed algorithm
is summarized in Algorithm 1.

Algorithm 1 An Inexact ADMM numerical approach for (4.1) and (4.2).
Input (u0, z0, λ0), β > 0, ε > 0, σ satisfies (2.4), σ̄ ∈ (0, 1), and K0 ≥ 0.
while k ≥ 0 do

(uk, zk,λk)→ (uk+1, zk+1,λk+1) via:
Compute uk+1 by the nonlinear CG method with the inexactness criterion (4.16) in subsection 4.2;
Compute z̃k+1 by the CNN solver (Subroutine 4 in [46]), and obtain zk+1 = PKh

(z̃k+1) =
max

{
a0,min{z̃k+1, a1}

}
;

Update the Lagrange multiplier by λk+1 = λk − β(uk+1 − zk+1).
end while

5 Numerical results

In this section, we report some numerical results to verify the efficiency of our new inexact ADMM
numerical approach applied to the regularized inverse problems (4.1) and (4.2) for recovering the dis-
continuous diffusion and potential coefficients, respectively. The following numerical experiments are

20



performed on a laptop equipped with Windows 11 operation system, Intel(R) Core(TM) i7-8750H CPU
(2.20GHz), and 16 GB of memory.

For the zh-subproblem, we use the same network architecture and training dataset as [53] (see
https://github.com/cszn/DnCNN) to train our networks (total 25 CNN networks Cζ with ζ =
1, 2, · · · , 25), and the settings of the deep CNN solver are the same as in [46]. We also follow the ap-
proach in [46] to adjust the parameters (i.e. βζ ∼ δ) satisfying the Morozov’s discrepancy principle (see,
e.g. [18]).

Example 5.1. Let a0 = 0.1, a1 = 5, and the exact diffusion coefficient u†(x1, x2) over Ω = (0, 1)2 as

u†(x1, x2) =

{
1, x2 ∈ [0, 0.5],

2, x2 ∈ (0.5, 1],
(5.1)

with which the noisy observation data∇yδ in (4.1) is constructed as∇yδ(x) = ∇yh + δ‖∇yh‖rand(x)
for the regularized inverse problem (4.1) for recovering the diffusion coefficient, where yh is the finite
element solution to (4.6) with f = 10, rand(x) is a uniformly distributed vector-valued function in
[−1, 1], and δ > 0 is the noise level.

Table 1: Parameters for Example 5.1.

δ β ζ (βζ)/δ α

0.01 0.1 9 90 10−4

0.05 0.5 9 90 10−4

0.1 0.6 15 90 10−4

The parameters δ, β, α and ζ are chosen as in Table 1 for performing the numerical computations.
The initial values for Algorithm 1 are set as u0 = z0 = 1, and λ0 = 0. The inexactness criterion (4.16)
in Algorithm 1 is denoted as criterionnew, which is the specific form of (3.1) for the regularized inverse
problem (4.14), and the inexactness criterion in (2.3) for the problem (4.14) is named as criterionold. In
(3.1), we set σ = 0.999

√
2α/(

√
2α +

√
β), and K0 = 5. In Table 2, the relative L2 errors, inner CG

iteration numbers and total computational times of the first 20 iterations by Algorithm 1 are reported for
the comparison with the inexact ADMM under the original inexactness criterion (2.3). In Figure 1, we
plot the curves of L2 errors ‖ukh − ûh‖ with h = 2−8 and δ = 0.01 by the inexact ADMM with two
inexactness criteria, which verifies the theoretical linear convergence result derived in section 3. The
reference solution ûh is approximated by the 40-th outer iterate of exactly-solved ADMM (the internal
stop condition is ‖ek(uk+1)‖ ≤ 10−10), which helps to eliminate the influence of the finite element
and regularization errors. In addition, the numerical solution u20

h and the error u20
h − u

†
h after 20 outer

iterations with h = 2−8 are displayed in Figure 2.

Example 5.2. Let Ω = (0, 1)2, f = 10, a0 = 0.1, and a1 = 5. The noisy observation data yδ in
the regularized inverse problem (4.2) for recovering the potential coefficient is set as yδ(x) = yh +
δ‖yh‖rand(x), where rand(x) is a uniformly distributed vector-valued function in [−1, 1], δ > 0 is the
noise level, and yh is the finite element solution of (4.7) with the precise coefficient u†(x1, x2) as

u†(x1, x2) = 1 + IΩ1 , Ω1 = {(x1, x2) | (x1 − 0.5)2 + (x2 − 0.5)2 ≤ 1/8}, (5.2)

where IΩ1 denotes the characteristic function over Ω1.

The parameters δ, β, α and ζ are set in Table 3 for Example 5.2, and the initial values of the inexact
ADMM is chosen as u0 = z0 = 1, and λ0 = 0. In (3.1), σ and K0 are chosen the same ones as in
the previous example. The relative L2 errors, inner CG iteration numbers and total computational times
of the first 20 iterations by Algorithm 1 as well as the algorithm with the inexactness criterion (2.3) are
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Table 2: Numerical comparison of algorithms for Example 5.1.

Mesh(h) δ Criterion ‖u20
h − u

†
h‖/‖u

†
h‖ CG Nos Time(s) σ̄/ε

2−5

0.01
criterionold 8.7383× 10−3 349 3.86 ∼
criterionnew 8.6635× 10−3 171 2.08 0.59/10−2

0.05
criterionold 1.5085× 10−2 213 2.54 ∼
criterionnew 1.5086× 10−2 180 2.08 0.52/10−2

0.1
criterionold 4.4639× 10−2 205 2.39 ∼
criterionnew 4.4636× 10−2 167 1.97 0.52/10−2

2−6

0.01
criterionold 6.5952× 10−3 386 12.47 ∼
criterionnew 6.5952× 10−3 260 8.67 0.62/10−2

0.05
criterionold 1.0930× 10−2 216 7.47 ∼
criterionnew 1.0932× 10−2 208 7.15 0.52/10−2

0.1
criterionold 4.0888× 10−2 209 7.34 ∼
criterionnew 4.0881× 10−2 190 6.78 0.52/10−2

2−7

0.01
criterionold 5.3821× 10−3 412 52.17 ∼
criterionnew 5.3821× 10−3 316 40.52 0.59/10−2

0.05
criterionold 1.6478× 10−2 202 26.55 ∼
criterionnew 1.6469× 10−2 183 24.42 0.59/10−2

0.1
criterionold 4.0566× 10−2 192 25.85 ∼
criterionnew 4.0565× 10−2 164 22.32 0.59/10−2

2−8

0.01
criterionold 5.1069× 10−3 383 219.31 ∼
criterionnew 5.1021× 10−3 387 222.13 0.54/10−2

0.05
criterionold 3.0223× 10−2 199 118.90 ∼
criterionnew 3.0204× 10−2 188 114.67 0.57/10−2

0.1
criterionold 4.5675× 10−2 185 112.17 ∼
criterionnew 4.5679× 10−2 177 107.93 0.57/10−2
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Figure 1: L2 errors by the inexact ADMM equipped with criterionnew (left) and criterionold (right) with
respect to outer ADMM iterations for Example 5.1 with δ = 0.01 and h = 2−8.

reported in Table 4. In Figure 3, the plots of L2 errors ‖ukh − ûh‖ by the inexact ADMM with two
different inexactness criteria are shown for the case h = 2−8 and δ = 0.001. Similar to the previous
example, we also use the 40-th outer iterate of exactly-solved ADMM as the reference solution ûh for
comparison. In Figure 4, it presents the graphs of the numerical solutions uh and the error uh − u†h after
20 outer iterations with h = 2−8.

From the numerical results of these examples, we can observe that the convergence speed and com-
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Figure 2: Numerical solutions uh and errors uh − u†h after 20 iterations for Example 5.1 with h = 2−8.
Columns 1-3 are the recovered results for δ = 0.01, 0.05, and 0.1, respectively.

Table 3: Parameters for Example 5.2.

δ β ζ (βζ)/δ α

0.001 0.001 9 9 10−6

0.01 0.0075 12 9 10−6

0.1 0.05 18 9 10−6

putational cost of our method in Algorithm 1 are basically similar as those of the inexact ADMM with
the inexactness criterion (2.3) proposed in [23]. Our method in Algorithm 1 has the theoretical guarantee
of linear convergence established in section 3, while the theoretical linear convergence of the inexact
ADMM with (2.3) is still an open problem.

0 5 10 15 20
10

-2

10
-1

0 5 10 15 20
10

-2

10
-1

Figure 3: L2 errors by the inexact ADMM equipped with criterionnew (left) and criterionold (right) with
respect to outer ADMM iterations for Example 5.2 with δ = 0.001 and h = 2−8.

6 Conclusions

In this paper, we discuss inexact ADMM algorithms for a general two block convex optimization problem
arising from inverse problems, where the first functional is strongly convex with continuous gradient. We
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Table 4: Numerical comparison of algorithms for Example 5.2.

Mesh(h) δ Criterion ‖u20
h − u

†
h‖/‖u

†
h‖ CG Nos Time(s) σ̄/ε

2−5

0.001
criterionold 5.3451× 10−2 141 2.34 ∼
criterionnew 5.3396× 10−2 110 1.56 0.60/10−4

0.01
criterionold 1.1834× 10−1 100 1.44 ∼
criterionnew 1.1780× 10−1 73 1.13 0.70/10−4

0.1
criterionold 1.8683× 10−1 83 1.32 ∼
criterionnew 1.8586× 10−1 55 1.02 0.70/10−4

2−6

0.001
criterionold 6.2381× 10−2 132 5.40 ∼
criterionnew 6.2372× 10−2 109 4.92 0.60/10−4

0.01
criterionold 9.9454× 10−2 79 3.86 ∼
criterionnew 9.9405× 10−2 62 3.22 0.70/10−4

0.1
criterionold 1.7438× 10−1 74 3.72 ∼
criterionnew 1.7327× 10−1 51 2.90 0.70/10−4

2−7

0.001
criterionold 6.1630× 10−2 102 16.64 ∼
criterionnew 6.1667× 10−2 100 16.52 0.57/10−4

0.01
criterionold 1.0708× 10−1 76 13.36 ∼
criterionnew 1.0682× 10−1 58 10.90 0.70/10−4

0.1
criterionold 1.6494× 10−1 62 11.82 ∼
criterionnew 1.6472× 10−1 49 9.70 0.70/10−4

2−8

0.001
criterionold 6.0424× 10−2 87 69.31 ∼
criterionnew 6.0475× 10−2 86 68.14 0.57/10−4

0.01
criterionold 9.9142× 10−2 73 58.34 ∼
criterionnew 9.9084× 10−2 57 48.58 0.70/10−4

0.1
criterionold 1.4906× 10−1 61 53.21 ∼
criterionnew 1.4877× 10−1 48 43.00 0.70/10−4

Figure 4: Numerical solutions uh and errors uh − u†h after 20 iterations for Example 5.2 with h = 2−8.
Columns 1-3 are the recovered results for δ = 0.001, 0.01, and 0.1, respectively.

first prove some strongly convergence properties for the inexact ADMM with the inexactness criterion
(2.3) proposed in [23, 52], and also obtain a worst-case O(1/K) convergence rate of the algorithm in
both ergodic and non-ergodic senses. However, it seems difficult to prove the linear convergence of
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the inexact ADMM with (2.3). To address this issue, we propose a new inexactness criterion such that
{‖ek(uk+1)‖2} converges linearly to 0. Then we further prove that the resulting inexact ADMM has a
linear convergence rate. After the theoretical part, we consider the application of the proposed inexact
ADMM to two nonlinear inverse problems of elliptic equations and present the detailed implementations.
Numerical results illustrate the efficiency and theoretical results of our algorithm.
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