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Algorithm 1 Alternating Direction Method of Multiplier with Inexact Subproblem Solver

Global Linear Convergence of New Splitting Method

Tail Convergence of the Existing ADMM Method [1]

Initialize z° € R™*", choose parameter p > 0.

We are interested in designing the fast algorithm to solve the B e B — gk — hAoyF repeat
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* Strong duality: c Ix* + bt z., =0 Mmoot
Optimal set of LP 1s described by a convex polyhedron. o
Lemma 3 (Hoffman bound [4]) S = {x ¢ RYEx = t,Cx < d}

[x — X]s|® < Os(|Ex — ] + [[[Cx — d]4 |7

- _ J
Applications of LP in machine learning;:
* ll-regularized support vector machine (SVM) problem.

* Feasibility: Ax*
yi = 0,2,

(local second-order approximates
augmented Lagrangian function)

- |—Sparse Inverse Covariance Matrix Estimation
. |— — Nonnegative Matrix Factorization
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* Nonnegative matrix factorization problem.
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* Sparse inverse covariance matrix estimation problem.

We separate the equality and inequality constraints by adding
another group of variables y.
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* Markov decision process (MDP) problem.

* Maximum a posterior estimation problem Timi -
: . - - - - 1ming Results (in sec. long means > 60 hours
. . . . 4 Primal Dual "\ Bound distance by residuals (constraint violations). S ( S )
Basic features of LP in machine learning: large-scale, sparse - BT D | m wAA) [ _TPADVM [ ALCD [ ADWM _
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point method: complexity is at least quadratic in the problem zy,i = 0,1 € [n]\[ns). { T Tavsass T Tatie80 | Te7as0 To 1560 28z a3 sdr o Tong
: : clxhktl + bl k ( A xktl _ gk / )T< ko k""l) news20 | 2785205 | 2498375 | 53625267 | 7765 2205 9173 6174 Tong Tong
dimension. oA ; ] e obl 1 P P :
The Augmented Lagrangian function of the primal problem is _ :
2 stals P P LY > 0,2, < 0,0 € [ny); 2, = 0,4 € [n]\[n). ¢ 2X-40X speed up compared with state-of-arts.

Research objective: design an algorithm to exploit the
sparse structure.

T T -, P 112 :
L(x,y,z) = ¢’ x+g(y) + 2" (Aix+ Ay —b) + S[|A1x + Azy — b » Significantly faster than commercial software CPLEX

Theorem 1 (Global linear convergence) To guarantee that

|z" — z*|| < €, it suffices to run K = 272 log(2D,/e) ADMM
iterations with solving accuracy ¢, < €% /8K?.

 Flexibility to tackle various problems.
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Gauss—Seidel type update:

Related Works ’

* Dual update: z**

= arg min L(x, y*. z’”) y**! = arg min L(x A+layazk)

xER" yeER”
= 2k 4 p(Arxb 4 Agyht! D)

Primal: x¢t1 =

Theorem 2 (Overall Complexity) If we use the ACDM]|3]
to solve the inner linear system, the overall complexity of
algorithm 1is O(a,,0%. (R,||A|| + R.)*nnz(A)log*(1/e))

First-order algorithm requires a matrix vector multiplication
AX 1n each iteration with complexity linear in nnz(A).

Basic feature of this algorithm:

* Update of x can be reduced to solving a well-conditioned

* Subgradient descent method
linear system

* Augmented Lagrangian Method (ALM) [2] The complexity of existing ADMM [1] 1s
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