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Appendix A. Derivation of ADMM Update Rules

We start with the construction of the augmented Lagrangian of (1) (same as (10) in the
manuscript and repeated here for convenience), similar to the classical ADMM (Eckstein
and Yao, 2012).
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The augmented Lagrangian of the optimization problem is given by
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where Kh and Kb are auxiliary variables that allow the decoupling of the optimization of
Jh and Jb; and Mh and Mb are Lagrange multiplier matrices. The operator ⟨ · , · ⟩ denotes
the inner product of two matrices. The update rules are similar to those of the ADMM with
scaled dual variables (Boyd et al., 2011), and modified for our application. In this context,
the update rules at the k-th iteration are given by
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We sketch the approach on how to solve for (Jk+1
h ,Jk+1

b ) here for completeness. Sepa-

rating and rearranging the head and body expressions for (Jk+1
h ,Jk+1

b ) which are the kth
iteration, we have

Jk+1
h = argmin

Jh

νh
ϕh

∥Jh∥∗

+
1

2

∥∥∥∥ 1

ϕh
Mk

h + Jh −Kk
h

∥∥∥∥2
F

− 1

2ϕh
⟨Mk

h ,M
k
h ⟩,

(7)

and analogously for Jk+1
b . According to derivations by Cai et al. (2010) and Alameda-

Pineda et al. (2015), the solution of (7) arises from singular value decomposition of matrix
Kk

h − 1
ϕh

Mk
h , resulting in

Jk+1
h = UhS νh

ϕh

(Dh)V
⊤
h , (8)

where S νh
ϕh

is the shrinkage operator on the diagonal matrix. It follows analogously for

Jk+1
b .

Lastly we obtain the update rules for Kk+1
h and Kk+1

b by taking the derivative of (2)
with respect to kh and kb, which are the row-vectorization form of Kh and Kb. The
expressions are as follows:
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h (Phkh − Pbkb) + ϕh(kh − jk+1
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b )−mk
b ,

(10)

Setting (9) and (10) to zero gives
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h Ph + ϕh)k
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We can solve these equations using methods based on LU decompositions or iterative meth-
ods. For the sake of brevity, we refer interested readers to derivations by Alameda-Pineda
et al. (2015).
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h , andMk+1

b are initialized as zero matrices and updated

until convergence as ∥Jk+1
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h ∥ → 0 and ∥Jk+1
b −Kk+1

b ∥ → 0.
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