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Nonconvex Numerical Results

n r _ 7 3 Datasets. Leukemia (72,7129) and MRI (200,4200). Methods. pADMM, classical ADMM, linearized ADMM, and semiproximal ADMM under
min E fI(XI) d m 51- i+l ; MCP and SCAD regularizations. Measures. Primal residual L; and successive-iterate difference L, versus CPU time.
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and consequently the whole sequence converges to a stationary point of (1). AUE (5] T CIEL Ul

MRI: L, vs. CPU time

Figure 1 shows that pADMM decreases both L; and L, faster than the ADMM-type baselines in CPU time on both datasets, for both MCP and SCAD

regularizations.

Why the New Assumption Matters

Note that Problem (1) can be formulated as

Strongly Convex Theory
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then in Scenario 1, cases 1 and 3, there exists (i*,K*) c Q such that (Alxgk), ng)7 o 7ng)’K(k)) converges to ADMM. Measures. Residual error and relative error versus iteration or CPU time; Q; = 0.1/ on the NMCNF instances.
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