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Abstract

The greedy randomized coordinate descent method (GRCD) is one of the effective iterative me-
thods to solve large linear least squares problem. A greedy randomized coordinate descent me-
thod with parameters was constructed by introducing a relaxation parameter in the GRCD algo-
rithm. It is also proved that the method has the expected convergence when the coefficient matrix
of the linear least squares problem is of full column rank. Numerical experiments show that the
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proposed algorithm is more effective than the GRCD method in terms of iterative steps and calcu-
lation time when the appropriate relaxation parameter is selected.
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density =

Table 1. The matrix A is randomly generated, when n = 50, m is different, the numerical result of the compatible system is
solved

= 1. BEMVERLEERE A 2 n =50, m REFRBESRZGHBESR

mxn 1000 x 50 2000 x 50 3000 x 50 4000 x 50 5000 x 50
o 1.04 1.03 1.01 1.01 1.01
GRCD T 1305 114 100 98 103

CPU 0.002578 0.002676 0.002805 0.003731 0.005030

GRCD(e) chu 0002013 0000365 0002564 0003604 0004784
Speed-up 1.28 1.13 1.09 1.03 1.05
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Table 2. The matrix A is randomly generated, when n = 100, m is different, the numerical result of the compatible system is
solved

= 2. BEHERRAERE A 2 n =100, m RERKBHESRGHNBEZER

mxn 1000 x 100 2000 x 100 3000 x 100 4000 x 100 5000 x 100
w 1.09 1.03 1.03 1.01 1.02
GRCD IT 348.5 246 239 213 216
CPU 0.006807 0.006185 0.008076 0.010942 0.015263
GRCD(e) IT 277.5 236 226 210 210
CPU 0.005704 0.005671 0.007313 0.010639 0.014583
Speed-up 1.20 1.09 1.10 1.03 1.05

Table 3. The matrix A is randomly generated, and when n = 150, m is different, the numerical result of the compatible sys-
tem is solved

7= 3. BEHERRAERE A 2 n =150, m RERKBESRAGHNHELZER

mxn 1000 x 150 2000 x 150 3000 x 150 4000 x 150 5000 x 150
w 1.15 1.07 1.04 1.03 1.02
GRCD IT 612.5 423 371 365.5 338
CPU 0.013390 0.013721 0.018007 0.029131 0.032732
GRCD(w) IT 476 389 354 353 325
@ CPU 0.012004 0.012360 0.015663 0.027459 0.031827
Speed-up 1.12 111 1.15 1.06 1.03

Table 4. The matrix A is randomly generated, and when n = 50, m is different, the numerical result of the incompatible sys-
tem is solved

= 4. BEWMVERAERE A 2 n =50, m AEIFSKBRESREMBESR

mxn 1000x50  2000x50  3000x50 4000 x 50 5000 x 50
o 1.03 101 1.01 1.01 1.02
GRCD I 122 106 105 99 100

CcPU 0.001985 0.002142 0.002708 0.003863 0.004740

GRCD() -y 0001877 0002004 0002862 0003615 0004498
Speed-up 1.06 1.02 1.02 1.07 1.05

Table 5. The matrix A is randomly generated, and when n = 100, m is different, the numerical result of the incompatible
system is solved

= 5. FEALERAERE A 2 n =100, m REERBFEERFHBESER

mxn 1000 x 100 2000 x 100 3000 x 100 4000 x 100 5000 x 100
10} 1.05 1.03 1.03 1.01 1.01
GRCD IT 325 268 242 205 210
CPU 0.005651 0.006633 0.008443 0.010361 0.014445

DOI: 10.12677/aam.2024.136267 2787 IR Esid


https://doi.org/10.12677/aam.2024.136267

HE)

£
GRCD(e) IT 283 241 226 201 207
@ CPU 0.005175 0.006070 0.007721 0.010205 0.013776
Speed-up 1.09 1.09 1.09 1.02 1.05

Table 6. The matrix A is randomly generated, and when n = 150, m is different, the numerical result of the incompatible
system is solved
F< 6. MEHLERFERE x & n=150, m AERKRBFERSRZWEELSR

mxn 1000 x 150 2000 x 150 3000 x 150 4000 x 150 5000 x 150
0} 11 1.08 1.04 1.03 1.02
GRCD IT 602 457 386 358 333
CPU 0.012388 0.013413 0.016221 0.024975 0.322180
GRCD(e) IT 475 400 353 340 322
@ CPU 0.009764 0.011613 0.015425 0.023833 0.030974
Speed-up 1.26 1.16 1.05 1.05 1.04

Table 7. The GRCD(w) and GRCD methods solve the numerical results of the compatible system in the specific example

matrix

%% 7. GRCD(w)#1 GRCD B 7747 A E I EERK BB RS BELSER

A5 Worldcities divorce cageb Cities abtahal
mxn 315 x 100 50 x 99 37 x 37 55 x 46 14596 x 209
density 23.87% 50.00% 17.02% 50.34% 1.68%
Cond(A) 66.00 19.39 15.42 207.15 12.23
10} 18 1.8 1.6 18 1.7
GRCD IT 3834.5 594 2235 60,142 10,342
CPU 0.067084 0.005716 0.022035 0.669865 0.554940
GRCD(e) IT 1185.5 162.5 760 11,260 4063.5
CPU 0.020597 0.001580 0.007437 0.123660 0.554940
Speed-up 3.26 3.66 2.94 5.34 2.55

Table 8. The GRCD(w) and GRCD methods solve the numerical results of the incompatible system in the specific example
matrix

%% 8. GRCD(w)#1 GRCD B#i77 A7 R E I EFERIK AR R ZHIBELER

L Worldcities divorce Cities abtahal
mxn 315 x 100 50 x 99 55 x 46 14,596 x 209
density 23.87% 50.00% 50.34% 1.68%
Cond(A) 66.00 19.39 207.15 12.23
) 1.8 1.8 1.8 1.7
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GRCD IT 4568 601 46,131 13816.5
CPU 0.077293 0.005446 0.495157 0.710776
IT 1267 173.5 11,973 4283
GRCD(w) CPU 0.021641 0.002749 0.130001 0.228498
Speed-up 3.57 1.98 3.91 3.11
5. M
ASCHE GRCD B ALAl F3RH T GRCD(w) 5%, AT 1 HVERIUSIE . Ul e a0 45 SRR B, ek
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