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Abstract

This paper proposes a Nesterov-accelerated ADMM algorithm with protection conditions, referred
to as nADMMgd, for sparse signal recovery based on logarithmic and regularization models. By in-
corporating Nesterov acceleration techniques, the algorithm achieves an improved convergence
rate, while the integration of protective conditions enhances its numerical stability. Numerical ex-
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periments demonstrate that nADMMgd performs effectively in sparse signal recovery tasks, attain-
ing superior objective function values within reduced computational time and exhibiting robust
performance on large-scale datasets. The experimental results confirm the positive impact of the
protective conditions on computational efficiency and further validate that nADMMgd yields more
accurate solutions compared to state-of-the-art algorithms currently employed for logarithmic and
regularized optimization. Overall, the proposed method presents significant advantages in address-
ing sparse signal recovery problems.
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Table 1. The influence of parameter 7 in nADMMgd algorithm on the algorithm
%< 1. nADMMgd E 5 n S E XM

FA n Iters Time(s) Fval

0.80 1636 1.7 9.33028e—02

0.85 2072 2.3 9.76328e—02

720*2560 0.90 1814 19 9.76327¢—02
0.95 411 0.4 9.76253e—02

0.99 653 0.7 9.76316e—02

0.80 1876 84.1 4.65579¢—-01

0.85 1612 74.1 4.62300e—01

3600*12800 0.90 1397 63.8 4.62300e—-01
0.95 446 21.6 4.65578e—01

0.99 889 41.2 4.62299¢—01

Table 2. Comparison of accelerated ADMM algorithms under protected and unprotected conditions

% 2. BRIPSTHEIPFEETINE ADMM ELLLE

Method M Iter Time(s) Fval
nADMMgd 382 0.41 9.330253e—02
720*2560

nADMM 679 0.71 9.330208¢—02

nADMMgd 424 3.03 1.866190e—01
1440*5120

nADMM 780 5.55 1.866189¢—01

nADMMgd 440 7.24 2.793258e—01
2160*7680

nADMM 842 13.64 2.793258e—01

nADMMgd 447 13.49 3.738720e—01
2880*10240

nADMM 873 25.74 3.738719¢—01

nADMMgd 454 22.34 4.655781e—01
3600%12800

nADMM 909 43.46 4.655781e—01
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Table 3. Noise signal recovery result

F3 BEESRELR

Problem Size Time(s) Fval
m n IRLe IRLe, IRLe, nADMMgd IRLe, IRLe, IRL,e, nADMMgd

720 2560  0.05 0.07 0.05 0.4 9.330500e-02 9.330224¢-02 9.330273¢—02 9.330253e—-02
1440 5120 0.56 0.73 0.60 2.95 1.866253e—01 1.866193e—01 1.866202¢—01 1.866190e—01
2160 7680 1.48 1.96 1.62 7.10 2.793357e¢-01 2.793262¢-01 2.793278e¢—01 2.793258e—01
2880 10,240 2.87 3.80 331 13.20 3.738860e—01 3.738724e—01 3.738746e—01 3.738720e—01
3600 12,800 4.80 6.35 5.17 21.69 4.655960e—01 4.655788e—01 4.655817e—01 4.655781e—01
4320 15,460 6.77 8.94 7.38 30.68 5.634407e—01 5.634210e—01 5.634245¢—01 5.634202e—-01
5040 17,920 9.07 12.08 9.88 41.10 6.531319¢—01 6.531102e—01 6.531141e—01 6.531094e—-01
5760 20,480 11.83 1570 12.87 55.65 7.495698e—01 7.495439e—01 7.495483e—01 7.495428e—01
6480 23,040 1497 19.84 16.27 71.27 8.398036e—01 8.397736e—01 8.397785¢e—01 8.397724e—01
7200 25,600 18.31 2435 19.98 88.06 9.346740e—01 9.346408e—01 9.346464e—01 9.346393e—01
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1#%#% nADMMgd 3%

Figure 1. nADMMgd recovery results
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