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Abstract: An alternative greedy Gauss-Seidel method for
solving the large linear least squares problem is proposed
based on a novel strategy for choosing the working
columns of the coefficient matrix A, and the convergence
of the new method is analyzed. The numerical
experiments show that for the same accuracy, the method
paper
randomized coordinate descent method proposed recently

proposed in this outperforms the greedy

in term of the computing time.
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Fig. 1 Convergence factors and rates of the GGS and GRCD methods
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Tab.1 Numerical results of solving consistent systems with random data matrices by using the GGS and the
GRCD methods

- IT CPU HH5EH ]
: GGS GRCD IT speed—up GGS GRCD CPU speed—up
1 000X 50 126.000 0 128.240 0 1.017 8 0.0138 0.063 1 4.5909
1000100 374.000 0 361.500 0 0.966 6 0.046 6 0.1703 3.6577
1000150 603. 000 0 600. 560 0 0.996 0 0.104 4 0.3194 3.059 9
200050 108.000 0 106.260 0 0.9839 0.0125 0.0525 4.2000
2000100 246.000 0 245.720 0 0.9989 0.046 6 0.1313 2.8188
2 000X 150 439.000 0 445.680 0 1.0152 0.109 4 0.2691 2.4600
3000% 50 105.000 0 104. 960 0 0.999 6 0.017 2 0.0556 3.2364
3000100 231.000 0 236. 850 0 1.0255 0.0619 0.144 4 2.3333
3000% 150 409. 000 0 409. 040 0 1.000 1 0.1400 0.2834 2.024 6
4000%50 96.000 0 99. 740 0 1.0390 0.0194 0.057 2 2.9516
4.000%100 205. 000 0 209.120 0 1.020 1 0.067 8 0.1388 2.046 1
4.000%150 337.000 0 343.660 0 1.0198 0.1638 0.266 2 1.6260
5 000X 50 96.000 0 95.380 0 0.9935 0.0250 0.060 0 2.400 0
5000% 100 195.000 0 203.080 0 1.0414 0.0728 0.156 9 2.1545
5 000X 150 340. 000 0 337.020 0 0.9912 0.1819 0.2978 1.6375
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Tab.2 Numerical results of solving inconsistent systems with random data matrices by using the GGS and
the GRCD methods

- IT CPU 5]

: GGS GRCD IT speed—up GGS GRCD CPU speed—up
1 000X50 120. 000 0 124.8600 1.0405 0.0125 0.059 1 4.7250
1 000X100 329. 000 0 321.3800 0.976 8 0.0400 0.1591 3.976 6
1000150 589. 000 0 579. 560 0 0.9840 0.099 4 0.3009 3.028 3
200050 113.000 0 110. 2000 0.9752 0.0119 0.056 6 4.763 2
2 000100 245.000 0 250. 060 0 1.0207 0.0531 0.1322 2.4882
2 000X150 434.000 0 444.7200 1.024 7 0.1113 0. 266 6 2.3961
300050 107.000 0 105.080 0 0.9821 0.019 4 0.0553 2.8548
3000100 235.000 0 232.360 0 0.9888 0.0609 0.1412 2.3179
3 000X150 399. 000 0 401. 460 0 1.006 2 0.140 3 0.276 9 1.9733
4 000X50 95.000 0 97.4800 1.026 1 0.019 4 0.053 7 2.7742
4 000100 220.000 0 216.740 0 0.9852 0.069 4 0.144 4 2.0811
4 000150 348.000 0 356. 800 0 1.025 3 0.1525 0.2772 1.8176
5 000X 50 87.0000 91.9400 1.056 8 0.0187 0.0559 2.9833
5000100 212.000 0 215.960 0 1.018 7 0.086 2 0.156 6 1.8152
5 000X 150 336. 000 O 339. 260 O 1.009 7 0.164 1 0.3050 1.8590
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Tab.3 Numerical results of solving consistent systems with real-world data matrices by using the GGS and

the GRCD methods

IT CPU R[]
A BREE /0 ¥ R
%EIQFZ% By é& *}ﬁi‘ﬁ};\‘/ﬁ %%#Fﬁ GGS GRCD IT speedf GGS GRCD CPU Speedf
up up

abtahal 14 596 X 209 1.68 12. 23 14 888 13 966 0.9380 8.2550 12.642 8 1.5315
Cities 55X 46 53. 04 207.15 29 181 40937 1.4029 0.1747 1.8497 10. 588 6
divorce 50X9 50. 00 19. 39 634 647 1.0200 0.002 8 0.0316 11.222 2
WorldCities 315X100 23.87 66. 00 5011 5011 1.000 0 0.077 2 0.2916 3.777 3
Trefethen_300 300<300 5. 20 1772.69 3210 1374 0.4280 0.0416 0.0734 1.766 9
caged 37X 37 17.02 15.42 1477 1624.4 1.099 8 0. 006 6 0.070 0 10. 666 7

#*4 GGSTIGRCD 2f A AEEILHIBEMEMRBAEBTRZENHELER

Tab.4 Numerical results of solving inconsistent systems with real-world data matrices by using the GGS

and the GRCD methods

IT CPU 4]
HEFEAA R (514 PERE/ Y SRR > —
s GGS  GRCD IT speed—up  GGS Grep  CPY zgeed
abtahal 14 596 X 209 1.68 12.23 11264 12571 1.1160  6.2750  11.3034  1.8013
Cities 55X 46 53.04  207.15 28449 39752 1.3973  0.1716  1.8278  10.6539
divorce 509 50. 00 19.39 552 497 0.8998  0.0028  0.0213 7.555 6
WorldCities 315100 23.87 66. 00 3532 3576 1.0125  0.0550  0.2050  3.7273
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