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Abstract

This paper investigates a nonconvex optimization model based on fractional [/, regularization,
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which provides a superior approximation to the sparsity of the /, norm compared to conventional
/, norm. To address this, our solution is built around the Alternating Direction Method of Multipli-

ers (ADMM) framework, augmented with a novel strategy for the adaptive tuning of both penalty
and regularization parameters. This strategy dynamically balances the primal and dual residuals to
accelerate convergence, while adaptively maintaining the equilibrium between the data fidelity and
regularization terms, thereby steering the iterations toward high-quality solutions. Our numerical
tests show that the proposed method significantly outperforms existing fast algorithms in solution
accuracy, reliably achieving lower relative errors. It also exhibits greater robustness, as the adap-
tive scheme reduces sensitivity to initial hyperparameter choices, allowing it to perform well even
with less stringent parameter tuning. Consequently, our approach provides a highly practical and
precise solver for problems involving fractional regularization.
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Figure 1. Heatmap of x, 7, 1, £ versus relative error and runtime
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& 3. ERNEMENRET S SHHERXRE
Table 1. Relative error and objective function value of each algorithm under noiseless conditions
= 1. KREFATREANENREMBIRRHE
Noiseless ADMM ADMM (H & RY) FPTA
s RE Fval RE Fval RE Fval True Fval
12 7.09¢e-06  3.55863737e—05 1.13e—08  3.55865619¢—05 3.68e—07 3.55865557e—05 3.55865623e—05
14 9.95¢e-06  4.36855718e—05 1.06e—08  4.36857762¢e—05  4.06e—07  4.36857662e—05 4.36857766e—05
16 8.37e—06  4.44856287e¢-05 1.41e—08 4.44859469¢—05  4.25¢—07  4.44859351e—05 4.44859476e—05
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20

1.69¢—05
1.36e—05

4.87488861e—05
5.39375803e—05

1.77¢—08
1.44e—08

4.87492938e—05
5.39379883e—05

3.92¢-07
4.16e—07

4.87492817e—05
5.39379718e—05

4.87492947¢-05
5.39379891e-05

Table 2. Relative error and objective function value of each algorithm under noisy conditions

2. ARAERATEEENENRENMBRRHE

Noisy ADMM ADMM( H & J¥7) FPTA
s RE Fval RE Fval RE Fval True Fval
12 8.07e—06 3.82232164e—05 3.23e-07 3.82233707e—-05 3.68e—07 3.82233646e—05 3.82233690e—05
14 7.36e—06 4.96526113e—05 2.70e—07 4.96527865e—05 3.54e—07 4.96527716e—05 4.96527804e—05
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